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Abstract

Aquatic ecosystems can undergo abrupt and long-lasting transitions from one state
to another, often with negative ecological and economic consequences. With anthropogenic enrichment, aquatic ecosystems such as lakes and ponds may shift rapidly
from an oligotrophic, clear water state to a eutrophic, turbid state. These shifts,
or state changes, generally occur due to a phenomenon called hysteresis in which
the relationship between a driving variable and ecosystem variable depend on the
current state of the ecosystem. Such dynamics often make recovery difficult or impossible. Though state changes in aquatic ecosystems have been studied extensively
since the 1970s, there have been few replicated experimental studies using natural
aquatic ecosystems because of the long time scales over which state changes occur
and ethical considerations. Further, we know little about how bacterial communities
change during and after a state change. In the last few decades the Northern Pitcher
Plant, Sarracenia purpurea, has been put forward as a model ecosystem for studying
state changes in aquatic ecosystems. This carnivorous plant forms cup-shaped leaves
that fill with rainwater and house a multi-trophic food web, including over a thousand
species of bacteria. When enriched with enough organic matter, S. purpurea pitchers
abruptly become hypoxic due to increased bacterial oxygen demand and remain hypoxic as enrichment continues. Though we can simulate an abrupt state change in the
S. purpurea ecosystem, we know little about the ecosystem’s recovery and how such
abrupt shifts alter the structure and function of the bacterial community that drives
dissolved oxygen in the system. Here, I used a combination of metaproteomics and
metagenomics to show that enriched S. purpurea ecosystems feature distinctly different bacterial communities than non-enriched ecosystems. Using field and greenhouse
experiments, I uncovered complex hysteretic dynamics and corresponding changes in
bacterial community structure and function during a state change and subsequent
recovery. My work shows that enriched aquatic ecosystems differ in bacterial community structure and function after a state change and that these differences persist
well after the ecosystem "recovers." I also show that hysteresis in the S. purpurea
microecosystem depends on the magnitude of organic matter enrichment and suggest
that bacterial communities differ between hysteric and non-hysteretic ecosystems.
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Chapter 1
Introduction
Ecosystems may shift abruptly from one state to another in response to perturbations
or slow changes in environmental conditions [18, 26, 28, 34]. For example, gradual
enrichment of a clear water lake with phosphorous can cause a sudden increase in
phytoplankton, loss of submerged plants and higher trophic levels, and depletion of
dissolved oxygen, switching the lake to a turbid state. Alternatively, large perturbations in turbidity can also push the system from a clear state to a turbid state [4].
State changes occur in a variety of ecosystems including coral reefs [12, 23], marine
communities [30, 31], mesic grasslands [32], and lakes and ponds [4, 34]. Often, these
changes occur as a result of human activity and have negative consequences for an
ecosystem [10].
State changes can occur in a continuous or discontinuous fashion and discontinuous
changes may be more difficult to manage because they represent changes between
alternative stable states [34]. States are considered alternative stable states when a
change in a driver, such as phosphorous enrichment, causes discontinuous changes
in a state variable, such as turbidity. These discontinuous changes are the result
1

of a phenomenon called hysteresis and are evidenced by the backwards folding of a
response curve [34]. In hysteretic systems, a system may be in one or more states
for the same set of environmental conditions. An ecosystem may display clockwise
hysteresis, with changes in the response variable lagging behind changes in the driver
variable [29]. Often this is due to positive feedback between the response variable
and other components of the system [16]. Alternately, a system may display counterclockwise hysteresis, in which changes in the state variable are proportionally larger
than changes in the driver during recovery [29].
A classic example of an ecosystem displaying counter-clockwise hysteresis is Lake
Veluwe [19]. Over the course of decades, phosphorus enrichment led to a disappearance of submerged plant cover. As phosphorus inputs subsequently declined,
submerged plant cover did not recover until total phosphorus reached levels well below those for which the initial decline in plant cover occurred. This hysteresis was
due to a positive feedback between submerged plants and water clarity. In ecosystems such as Lake Veluwe, it can be difficult to reverse state changes once they have
occurred [22]; therefore, research concerning the management of state changes has
focused primarily on identifying early warning signals rather than understanding how
these ecosystems recover [11, 33]. Though models of hysteresis and state changes
are important to management and restoration ecology [5], there have been few experimental studies that manipulate driver variables in controlled experiments to test
for hysteretic responses in aquatic ecosystems. The majority of studies generally use
artificial assemblages of a few species [15,16] due to the difficulty of replicating wholeecosystems [27, 35]. Studying hysteresis and state changes is additionally challenging
because recovery happens over long time frames [20] compared to the generation times
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of an ecosystem’s component species [2].
In the last decade, the microecosystem that is found within the cup-shaped leaves
of the northern pitcher plant, Sarracenia purpurea has been used as a model for
understanding state changes [37]. S. purpurea is a carnivorous plant found in wetlands
throughout North America and Canada. The plant has cup-shaped leaves, or pitchers,
that fill with rainwater and trap and drown insect prey [9]. Each pitcher harbors a
multi-trophic food web that includes protists, rotifers, invertebrate larvae, and over
a thousand species of bacteria that mineralize nutrients for the plant [13, 17, 24].
Even in the absence of macroinvertebrates, the dominant transfer of nutrients to the
plant occurs via microbial activity [3]. This microecosystem is easy to manipulate
and replicate and can be forced to switch from an oxic state to a hypoxic state in a
matter of days with additional organic matter loading [37], making it an ideal natural
ecosystem for studying state changes. Further, because the system also meets the
criteria for alternative stable states [14, 36], this ecosystem is also good for testing
hysteretic responses to organic matter enrichment. Except for the compressed time
scale, the pattern of enrichment followed by sudden hypoxia is similar to the response
of larger enriched aquatic ecosystems where increases in decomposition of primaryproducer biomass leads to increases in biologyical demand and subsequent hypoxia [8].
Bacterial decomposition is the proximate cause of eutrophication in many freshwater
aquatic ecosystems [6]; therefore, it is important to understand how the structure and
function of bacterial communities change and impact state change dynamics. The S.
purpurea ecosystem is ideal for studying these changes, given its diverse microbial
assemblage.
In the last two decades, environmental genomics and proteomics have been used to
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measure microbial community structure and function in a variety of aquatic habitats,
including contaminated ground- water [1], coastal upwelling systems [38], estuaries [7],
and meromictic lakes [25]. Environmental -omics offer a snapshot of the composition
of expressed proteins and taxa present in an ecosystem. Metatranscriptomics can
also offer a similar window into bacterial community structure and function; however, mRNA and protein levels are often not strongly correlated [39] and this is especially true for bacteria in perturbed systems [21]. A combination of metaproteomics
and metagenomics may therefore give a more precise picture of bacterial community
structure and function in enriched aquatic habitats.
In the following dissertation chapters, I explore the dynamics of state changes and
their impacts on bacterial community structure and funtion using the S. purpurea
microecosystem. I first characterized the alternative oxic and hypoxic states using
a combination of field experiments and environmental -omics. Next, I conducted
greenhouse experiments to describe the hysteretic dynamics in S. purpurea ecosystems
enriched with varying concentrations of organic matter. Finally, I characterized the
structure and function of bacterial communities prior to enrichment, during hypoxic
conditions, and after recovery to understand how changes in dissolved oxygen over the
course of a state change can influence bacterial community structure and function.
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Chapter 2
Environmental proteomics reveals
taxonomic and functional changes
in an enriched aquatic ecosystem

2.1

Abstract

Aquatic ecosystem enrichment can lead to distinct and irreversible changes to undesirable states. Understanding changes in active microbial community function and
composition following organic matter loading in enriched ecosystems can help identify
biomarkers of such state changes. In a field experiment, I enriched replicate aquatic
ecosystems in the pitchers of the northern pitcher plant, Sarracenia purpurea. Shotgun metaproteomics using a custom metagenomic database identified proteins, molecular pathways, and contributing microbial taxa that differentiated control ecosystems
from those that were enriched. The number of microbial taxa contributing to protein
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expression was comparable between treatments; however, taxonomic evenness was
higher in controls. Functionally active bacterial composition differed significantly
among treatments and was more divergent in control pitchers than in enriched pitchers. Aerobic and facultative anaerobic bacteria contributed most to identified proteins
in control and enriched ecosystems, respectively. The molecular pathways and contributing taxa in enriched pitcher ecosystems were similar to those found in larger
enriched aquatic ecosystems and are consistent with microbial processes occurring at
the base of detrital food webs. Detectable differences between protein profiles of enriched and control ecosystems suggest that a time series of environmental proteomics
data may identify protein biomarkers of impending state changes to enriched states.

2.2

Introduction

Chronic and directional environmental drivers such as nutrient and organic matter enrichment are causing state changes in many ecosystems [46,48]. Mitigating or preventing these state changes requires predicting them with sufficient lead-time [5]. Current
prediction methods rely on the statistical signature of "critical slowing down" [48], an
increase in the variance, or temporal autocorrelation of a state variable [16]. However,
such indicators usually require long time series of data with frequent sampling of an
appropriate state variable [4, 35]. Even when such data are available, the signature
of critical slowing down may not provide enough lead-time for intervention [5, 14].
In aquatic systems, water quality indicators such as total suspended solids [23],
submersed macrophyte vegetation cover [17,52], diatom composition [42], and phytoplankton biomass [9] often are used as state variables. However, whether top-down or
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bottom-up forces initiate the change, the proximate cause of eutrophication in many
freshwater aquatic ecosystems is microbial processes associated with the breakdown
of detritus [11]. A primary reason that it has been difficult to forecast shifts with sufficient lead-time may be that changes in monitored variables lag behind the microbial
processes that underlie state changes. I hypothesize that biomarkers linked closely
to microbial function, such as proteins, may serve as better early warning signals of
impending state changes than traditional aquatic ecosystem biomarkers.
One of the challenges to studying aquatic ecosystem state changes is the lack
of replicable natural ecosystems that can be ethically manipulated. Recently, the
aquatic ecosystem that assembles in the cup-shaped leaves of the northern pitcher
plant Sarracenia purpurea has been identified as a model system for identifying wholeecosystem microbial processes associated with detrital enrichment. Each leaf functions as an independent ecosystem that can be experimentally enriched and monitored
through time in the field or laboratory [54]. Arthropod prey, mostly ants and flies,
form the base of a "brown" food web that includes dipteran larvae, protozoa, mites,
rotifers, and a diverse assemblage of bacteria that decompose and mineralize nearly all
the captured prey biomass [7, 19, 21, 29]. Even in the absence of macroinvertebrates,
the dominant transfer of nutrients to the plant occurs via microbial activity [7]. With
excess organic matter loading, microbial activity increases, pitcher fluid becomes turbid, and oxygen levels collapse to hypoxic conditions even during daytime photosynthesis [51]. Such consequences are similar to those seen in larger aquatic ecosystems
that have switched from a green to a brown food web dominated by detritivores, as
an initial increase in primary production leads to internal organic matter loading and
increasing biological oxygen demand as primary producers decompose [15].
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In the last decade, environmental proteomics has emerged as a powerful tool
to measure microbial community function in a variety of aquatic habitats, including contaminated groundwater [3], coastal upwelling systems [53], estuaries [12], and
meromictic lakes [33]. Additionally, environmental proteomics has promise as a tool
for identifying biomarkers of changing environmental conditions, including aquatic
pollution [8, 57]. Environmental proteomics looks at the complete set of proteins expressed in an ecosystem at a single time point and gives insight into the function of
a community. While metatranscriptomics also serves as an important tool for understanding community function, mRNA and protein levels are generally not strongly
correlated [59]; this is especially true for bacteria in perturbed systems [25]. Therefore, metaproteomics may provide a more accurate picture of bacterial community
function in enriched aquatic habitats.
As a first step toward determining the utility of microbial protein biomarkers
as early warning signals of state changes, I conducted an environmental proteomics
screen of the aquatic ecosystem in S. purpurea pitchers enriched with organic matter
to determine whether there are detectable differences between the proteins, associated
molecular pathways, and taxa contributing to expressed proteins in microbial (nonviral organisms <30 µm) communities in enriched vs. control ecosystems. I hypothesized that an environmental proteomics survey would reveal detectable differences in
taxa contributing to protein expression, proteins, and functional pathways between
enriched and control ecosystems. I expected to find differences between control and
enriched pitchers in pathways related to respiration and decomposition, changes in
the oxygen requirement of microbes contributing to expressed proteins, and shifts in
the taxonomic composition of microbes contributing to protein expression. Specifi-
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cally, I predicted an abundance of contributing anaerobic bacteria in enriched pitchers
relative to controls. I identified and found detectable differences in taxa, proteins,
and pathways common to a wide range of aquatic ecosystems. My results suggest
that environmental proteomics can be a useful tool for detecting alternative enriched
and unenriched states in aquatic ecosystems and may serve as a means to identify
protein biomarkers of impending shifts between such states.

2.3

Methods

2.3.1

Enrichment experiment

The field experiment was conducted in Tom Swamp, a nutrient-poor fen located at
the northern end of Harvard Pond (42.51 N, -72.21 W) at Harvard Forest, Worcester
County, Massachusetts. Newly opened pitchers were identified and randomly assigned
to an ambient control or detritus-enriched treatment (Appendix A). Previous work by
Peterson et al. [45] using culture-independent methods revealed that newly opened
pitchers are sterile and impermeable to bacteria, so I am reasonably sure that my
experimental pitchers did not harbor diverse bacterial communities prior to the start
of the experiment. Detritus-enriched pitchers received 1 mg/mL/day of oven-dried,
finely ground wasps (Dolichovespula maculata) (Appendix A), which have elemental
ratios (C:N, 5.99:1, N:P:K, 10.7:1.75:1.01) similar to those of Sarracenia’s natural
ant prey (C:N, 5.9:1; N:P:K, 12.1:1.52:0.93) [20]. Proteomic analysis of the ground
wasp (not reported here) failed to identify microbial proteins, so I am confident that
microbial contribution to enriched pitchers from the wasps was minimal. Enrichment
treatments were applied for 14 consecutive days; all pitchers were otherwise unma13

nipulated. Pitcher fluid was sampled on the first and last days of the experiment,
filtered to remove microbes ≥ 30 microns, pelleted, and stored at -80◦ until processed
(Appendix A).

2.3.2

Protein extraction, SDS-PAGE, and mass spectrometry

Six of ten replicate microbial pellets from each treatment yielded enough protein
for analysis via tandem mass spectrometry. All replicates were analyzed separately
using sodium dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) and
Coomassie staining (Figure 2.1; Appendix A: Figures A.1a,b). All six of the enriched
pitchers and five of the six control pitchers had visible protein staining levels and were
chosen for mass spectrometry. Proteins were subjected to a tryptic digest (Appendix
A) and to LC-MS/MS as previously described [10] using a linear ion trap mass spectrometer (Thermo Electron, Waltham, Massachusetts, USA). MS/MS spectra were
matched to peptides in a custom protein database using SEQUEST (Thermo Fisher
Scientific, Waltham, Massachusetts, USA) software as described below.

2.3.3

Custom metagenomic databases

I generated a custom protein database from a six-frame forward and reverse translation of a metagenomic database constructed from microbial communities of three
previously collected pitchers that had captured diverse amounts of prey (Appendix A:
Figure A.2). Pitchers were collected from Molly Bog, an ombrotrophic bog located
in Morristown, Vermont (44.50 N, -72.64 W), on 18 August 2008 and transported
in a cooler directly from the field to the University of Vermont. Microbial pellets
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were obtained immediately as described above. DNA was extracted, prepared, and
sent for library construction, sequencing, and assembly to Genome Quebec (Montreal,
Quebec, Canada) with the 454 GS-FLX Titanium Sequencing System (Roche, Basel,
Switzerland; Appendix A). Contigs were assembled de novo with Rocheâs Newbler
assembler v2.3 (release 091027_1459) using default parameters (minimum read length
= 20; overlap seed step = 12; overlap seed length = 16; overlap min seed count =
1; overlap seed hit limit = 70; overlap min match length = 40; overlap min match
identity = 90; overlap match ident score = 2; overlap match diff score = 3; overlap
match unique thresh = 12; map min contig depth = 1; all contig thresh = 100),
with the exception of minimum read length (20 bp) and overlap hit position limit
(1,000,000). The assembled contigs were imported into MG-RAST 4.0.2 (Argonne
National Laboratory, Argonne, Illinois, USA) to assess functional and taxonomic potential [37]. Taxonomic assignments were visualized using the Krona plugin and the
following cutoffs were applied to both taxonomic and subsystem functional category
assignments: minimum identity = 60%, e-value of 1 x 10− 5 or less, and a minimum
alignment length of 15 bp (Appendix A: Figure A.3). I calculated Hurlbert’s probability of an interspecific encounter (PIE) to estimate the evenness of bacterial classes
in the metagenome [24]; Appendix A). Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways (level 2 and level 3) were assigned to contigs using the KEGG
database via MG-RAST (I report only the top 73 level 3 pathways here; Appendix
A: Figure A.4).
A metaproteomic database was created with a six-frame forward and reverse translation of the assembled metagenome using open-source Ruby software (http:www.rubylang.org). Sequences with > 100 amino acids (n = 184, 128) in length were retained.
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A decoy database was constructed by reversing the retained sequences and concatenating them to the forward database to allow for an estimation of the false discovery
rate as has been described [18].

2.3.4

Protein orthologue identification

Peptide and protein identifications were made via a SEQUEST search of the tandem
mass spectral data against the custom pitcher plant microbial community protein
database described above (Appendix A). The number of protein hits varied substantially among replicates, so to have enough proteins for treatment comparisons,
peptides and proteins from the five control samples and six enriched samples were
pooled after LC-MS/MS and the SEQUEST search into a single control and a single
enriched sample dataset. The doubly and triply charged peptide ions were further
considered and each dataset was filtered by first adjusting the cutoffs for Xcorr and
DCn until the false discovery rate was <10%. The final filters were as follows: Xcorr
≥ 3.0 for doubly charged ions, Xcorr ≥ 3.3 for triply charged ions, and unique Dcorr
≥ 0.15. The resulting list of protein hits for each treatment was then ranked by unique
number of peptides and the top 220 proteins from each treatment were selected so
that the false discovery rate for control and enriched treatments was 6.6% and 0%,
respectively. In the list of control peptides, a protein hit from the decoy database
was represented by 25 total peptides; therefore, I suspected that this hit was a true
positive not represented in my target database. However, a BLAST search of the
full amino acid sequence did not yield an identical match, so I cannot definitively
claim it is a true positive; therefore, I removed this peptide from my top 220 list of
control peptides. With this peptide removed, the false discovery rate for the control
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treatment was 4.3%.
All peptide hits were pooled within treatments and mapped back to their source
sequences in the custom protein database. Those source sequences were imported
in fasta file format into blast2go v.2.8.0 [13] for identification and annotation using
the following configuration settings: blastp program, blast expect value of 1.0E-3, 10
blast hits, annotation cutoff >55, GO (gene ontology) weight >5.

2.3.5

Analysis of the top proteins shared between treatments

A randomization test was done using RStudio (v. 0.98.1059, RStudio, Boston, Massachusetts, USA) to test the hypothesis that there was a single common protein pool
for both the control and enriched treatments and that the number of observed shared
proteins between treatments reflects chance effects resulting from random draws from
this single protein pool (Appendix A). I conducted an additional simulation in R to
determine the likelihood of a type I error in my randomization test (Appendix A).

2.3.6

Comparison of the top 20 proteins from each treatment

I downloaded the sequence by annotation file from the blast2go search for each treatment to get the protein names associated with each protein hit (sequence description
in blast2go). Each of the top 220 identified proteins in each treatment, ordered by the
number of total peptides associated with the protein hit, was matched to a protein
name using R software. If multiple protein hits within a treatment matched a single
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protein name, the protein names were merged in silico and the total peptides representing them were summed. Protein names were ranked in order of the abundance of
total peptides for each treatment.

2.3.7

Taxonomic analysis

To determine the taxonomic composition of the microbes contributing to identified
proteins in my treatments, I conducted a BLAST homology search of the metagenomic
sequence data for protein hits. All peptides from the top 220 identified proteins in
each treatment were mapped back to their contigs of origin to obtain nucleotide sequences. Because contigs were at least 500 base pairs in length, I felt confident that
a BLAST search of the nucleotide sequences would yield correct taxonomic identifications at course taxonomic levels and acknowledge that ambiguity can remain in
the taxonomic identification from a metacommunity at genus and species levels. The
top BLAST hit was retained for each nucleotide sequence associated with an identified protein and linked to a bacterial class (Appendix A). For each bacterial class
identified, a 2 x 2 contingency table was created with treatments as columns and
the number of peptides associated and not associated with the taxon as rows. A
chi-square test was then used to determine whether the abundance of the bacterial
class was significantly different between treatments. All P values were adjusted using
the Benjamini-Hochberg method [2](Table 2.1). Species composition was visualized
using Krona [40] (Appendix A: Figure A.5). In addition to the BLAST homology
search, I used Unipept [36] to map tryptic peptides to the UniprotKB database and
retrieve the least common taxonomic ancestor (most derived shared taxonomic node)
associated with each peptide for pooled replicates (Appendix A: Figure A.6). I cal18

culated Hurlbertâs PIE to estimate the evenness of bacterial classes contributing to
expressed proteins in control and enriched pitchers [24] (Appendix A).

2.3.8

Functional analysis

Functional pathways (two levels) associated with each identified protein from each
treatment were retrieved using the KEGG [26] mapping function of blast2go v.2.8.0.
Each pathway was weighted by the total number of peptides associated with protein
hits, or the number of spectral counts, mapping to that pathway (Appendix A: Figure A.7). For each pathway identified, a 2 x 2 contingency table was created with
treatments as columns and the number of peptides associated and not associated with
the pathway as rows. A chi-square test was used to determine whether each pathway
was significantly over- or under-represented in enriched pitchers relative to controls.
All P values were adjusted using the Benjamini-Hochberg method [2] (Appendix A:
Table A.1).
To determine whether bacteria contributing to expressed proteins in control and
enriched ecosystems differed in their O2 requirements, I mapped each bacterial species
identified in my BLAST search to its O2 requirement using data from the Integrated
Microbial Genomes (IMG) database [47, 56] (Appendix A). The IMG database contains six classes of O2 requirements: aerobe, anaerobe, facultative, microaerophilic,
obligate aerobe, and obligate anaerobe. The latter three categories make up <7% of
the database. I merged any species classified as obligate aerobes or obligate anaerobes
into the aerobe and anaerobe classes, respectively.
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2.3.9

Analysis of unpooled data

In addition to analyzing pooled data, I used ordination and permutation analyses to
determine the effect of enrichment on microbial community protein expression, taxonomic contribution to expressed proteins at the class and family levels, and KEGG
pathways. I tested the similarity within and among replicates of control and enriched microbial communities using ADONIS, a nonparametric permutation test in
the "vegan" package (v. 2.4.1) in R [39]. I used a multivariate homogeneity of group
dispersions test (betadisper function in the "vegan" package) to determine whether
the composition of contributing microbial taxa was more divergent in control replicates than in enriched replicates. The permutation tests used 999 permutations and
were done using total peptide counts associated with protein identifications, microbial
classes, microbial families, and KEGG pathways (Table 2.2). To visualize the similarities among replicate ecosystems, I used the "vegan" package function metaMDS
to perform non-metric multidimensional scaling ordination using Bray-Curtis distances. Data were square-root-transformed and standardized using Wisconsin double
standardization. To determine which taxa contributed the most to Bray-Curtis dissimilarity of taxa contributing to protein expression between the treatments, I did a
similarity percentages test using the simper function in the "vegan" package.

2.4

Results

From 243 Mb of DNA sequence information, roughly 54% of 567,549 filtered reads
(median read length = 482 bp) were assembled into 26,713 contigs ranging from
500 to 43,200 bp (N50 = 1135; Appendix A: Figure A.2b, c).
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All the contigs

passed MG-RAST quality control. The metagenome was dominated by bacteria
(99.11%) at the domain level. The top five bacterial classes were Betaproteobacteria (31.99%), Alphaproteobacteria (19.42%), Sphingobacteria (13.32%), Gammaproteobacteria (10.10%), and Acidobacteria (7.04%). The top five genera comprising the
genome were Burkholderia (8.87%), Variovorax (6.50%), Pedobacter (5.24%), Mucilaginibacter (4.04%), and Lutiella (3.91%). Within the metagenome, 23% of aligned
contigs were mapped to the order Burkholderiales, while only 7% mapped to Neisseriales (Appendix A: Figure A.3). Taxonomic evenness of the metagenome, calculated
using Hurlbertâs PIE, was equal to 0.79. Representation of the contigs mapping to
functional pathways was dominated by amino acid metabolism (20.6%), followed by
membrane transport (12.9%), carbohydrate metabolism (11.9%), translation (7.2%),
and metabolism of cofactors and vitamins (6.4%). Within amino acid metabolism,
pathways were represented primarily by glycine, serine, and threonine metabolism
(17.1%), alanine, aspartate, and glutamate metabolism (13.8%), and valine, leucine,
and isoleucine degradation (12.7%). Membrane transport was represented by ABC
transporters (78.2%), bacterial secretion system (19.4%), and phosphotransferase
system (2.4%). Carbohydrate metabolism was dominated by pyruvate metabolism
(13.9%), glycolysis/glucogenesis (12.6%), and pentose phosphate pathway (11.6%).
Overall, the top five level 3 KEGG categories included ABC transporters (10.1%),
two-component system (4.8%), aminoacyl-tRNA biosynthesis (3.8%), glycine, serine,
and threonine metabolism (3.5%), and ribosome (3.3%)(Appendix A: Figure A.4).
I identified a total of 986 proteins in the enriched treatment and 616 proteins
in the control treatment. Of the 220 most abundant protein identifications for each
treatment, 65 were shared between treatments leaving 155 unique to each treatment

21

(Figure 2.2a). The randomization test revealed significantly fewer protein hits shared
between the treatments than expected by chance (Figure 2.2b). In both treatments,
the top three of the 20 most abundant proteins, as measured by the total number
of matched peptides (spectral counts), were the same in the control and enriched
treatments. However, the relative abundance of the remaining 17 proteins in this top
list differed strongly between treatments, with only seven of the 20 proteins unique
to each treatment (Figure 2.2c).
The majority of identified proteins were associated with bacteria. The most common microbial class contributing to identified proteins in both treatments was Betaproteobacteria, but the contribution was higher in enriched (84.4%) vs. control
(50.3%) treatments (Table 2.1, Figure 2.3a; Appendix A: Figs. A.5, A.6). This difference was driven by a higher abundance of Alphaproteobacteria in multiple families,
including Sphingobacteriaceae, Phyllobacteriaceae, Xanthomonadaceae, and Rhizobiaceae, in control ecosystems relative to the enriched ecosystems. The similarity percentages test identified Betaproteobacteria (38.8%) and Alphaproteobacteria (9.9%)
as the main contributors to dissimilarity of active microbial class composition between
treatments and Neisseriaceae (23.8%) and Comamonadaceae (9.7%) as the main contributors to active microbial family dissimilarity between treatments. Although both
treatments yielded similar numbers of identified microbial classes (control = 12, enriched = 11), taxonomic evenness of microbial classes contributing to identified proteins was substantially higher in the controls (PIE = 0.71) than in the enriched pitchers (PIE = 0.31). Similar taxonomic profiles were obtained using Unipeptâs search
for the least common taxonomic ancestors of the pooled data (Appendix A: Figure
A.6). For the unpooled data, taxonomic and functional variability among treatments
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was greater than variability among replicate ecosystems within treatments (Figs. 3,
4). Multivariate analysis of group dispersion revealed that composition of microbes
contributing to protein expression was significantly more variable in control replicates
than in enriched replicates at both the family (P = 0.003) and class (P = 0.023) levels.
The BLAST search yielded taxonomic assignments for 191 and 173 of the 220
sequences in enriched and control treatments, respectively, and all E-values were
< 10−5 . Of top species hits identified in the BLAST search, Variovorax paradoxus
and Chromobacterium violaceum were the only two of the most six abundant "species"
contributing to identified proteins common to both treatments. Novosphingobium
aromaticivorans, Starkeya novella, Sphingomonas wittichii, and Sphingomonas sp.
were among the six most abundant contributors in control pitchers. Pseudogulbenkiania sp., Rhodanobacter denitrificans, Janthinobacterium sp., and Dechlorosoma suillum were among the six most abundant contributors in enriched pitchers (Appendix
A: Table A.2). Obligate aerobic bacteria contributed the most to identified proteins
in the control pitchers, while facultative anaerobic bacteria contributed the most in
enriched pitchers (Figure 2.5b).
Functional pathways represented by the top 220 expressed microbial proteins also
differed between control and enriched pitchers. I detected significant differences in
metabolic pathways, including those involved in the metabolism of amino acids, carbohydrates, lipids, secondary metabolites, cofactors and vitamins, and terpenoids and
polyketides (Appendix A: Table A.1, Figs. A.7, A.8a) and, at courser pathway levels, energy metabolism, nucleotide metabolism, and amino acid metabolism (Figure
2.5a). In the control treatment, 161 of the top 220 protein hits were not assigned to
a KEGG pathway (represented by 906 total peptides). Of the 220 top protein hits
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in the enriched treatment, 129 were not assigned to a pathway (represented by 2375
total peptides).

2.5

Discussion

I hypothesized that there would be detectable differences in the taxonomic composition of microbes contributing to expressed proteins. Indeed, I observed striking
differences between unenriched and enriched ecosystems in the taxonomic composition of the microbes contributing to identified proteins (Figure 2.3). The taxonomic
composition of bacteria contributing to protein expression in my study, and in the
metagenome, is consistent with findings of previous studies of bacterial communities
in Sarracenia species. Sarracenia purpurea pitchers contain more than 1000 species
of bacteria and a negligible amount of archaea [41]. One genomic study of Sarracenia alata pitcher bacterial communities revealed an abundance of Proteobacteria
(primarily Gammaproteobacteria). Taxonomic groups within the Betaproteobacteria
had relative abundance similar to the metagenome and to control pitcher communities
in my experiment, with a high percentage of sequences derived from Burkholderiales
and a lower proportion from the Neisseriales [30]. A study of sub-habitats in S.
purpurea revealed an abundance of Betaproteobacteria (primarily Burkholderiales)
on the pitcher walls and in the sediment, co-dominance in pitcher liquid by Betaand Alphaproteobacteria, and the presence of Bacteroidetes and Firmicutes, though
in a low proportion, in the sediment, fluid, and pitcher walls [31]. This finding is
fairly consistent with the taxonomic potential revealed by the metagenome, in which
35%, 23%, 14%, and 1% of identified contigs were mapped to Betaproteobacteria,
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Alphaproteobacteria, Bacteroidetes, and Firmicutes, respectively. Gray et al. [21]
found that S. purpurea pitchers were composed primarily of Proteobacteria and Bacteroidetes, with Gammaproteobacteria, Alphaproteobacteria, or Betaproteobacteria
dominating within the Proteobacteria, but that taxonomic composition varied from
pitcher to pitcher within and across geographic regions.
The composition of bacteria contributing to protein expression in my experiment
varied between control replicates, much more so than between enriched pitcher communities. This pattern is likely the result of a combination of factors. First, pitchers
contain distinct sub-habitats that vary in light availability and concentration of dissolved oxygen and organic matter and therefore provide multiple habitats for a diverse
set of microbes [31]. As organic matter enrichment increases biological oxygen demand, the subsequent decline in dissolved oxygen may create a more homogenous
oxygen environment such that microbes sensitive to oxygen conditions can no longer
compete against low-oxygen-tolerant bacteria, decreasing bacterial diversity.
Low bacterial diversity in enriched pitchers echoes findings in larger enriched
aquatic ecosystems. Analysis of the 16S rRNA gene product of bacterial communities
in nutrient-enriched salt marsh sediments revealed that the bacterial diversity of active bacteria decreased relative to that of communities in unenriched sediments [27].
Similarly, enrichment of heterotrophic stream biofilm communities yielded lowered diversity; however, in contrast to my enriched pitcher communities, the stream biofilm
communities diverged in composition [58].
The composition of microbes contributing to protein expression in S. purpurea
pitchers was similar to the composition of larger freshwater aquatic ecosystems. Betaproteobacteria dominated microbes contributing to protein expression in both en-
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riched and control pitchers though in higher abundance in enriched pitchers relative to
control pitchers. Betaproteobacteria are generally the most abundant class of bacteria
in freshwater lakes [38,43] and dominate contaminated sediments [22] and organic aggregates in eutrophic lakes [55]. Betaproteobacteria populations associated with the
beta II clade have been shown to increase rapidly with the addition of organic carbon
in humic lakes [6, 28]. Furthermore, experimental dissolved organic matter additions
to microcosms containing alpine lake bacteria cultures led to a near-dominance of
Betaproteobacteria, suggesting that these bacteria are good competitors in enriched
aquatic ecosystems [44]. These results suggest that bacterial communities in S. purpurea pitchers are structured and behave like bacterial communities in larger lakes
and ponds in response to enrichment. It is important to note that most existing literature on freshwater bacteria and S. purpurea bacterial communities relies primarily
on genomic methods for identification and therefore is likely capturing functionally
active and inactive bacteria, whereas my methods are capturing only the functionally
active bacteria. As a result, I use caution when directly comparing the results of
my study to those in larger aquatic ecosystems. However, the Unipept search of my
identified tryptic peptides and NCBI BLAST search of their contigs of origin yielded
remarkably similar results (Figure 2.3a; Appendix A: Figure A.6), suggesting that
tryptic peptides could be used to correctly identify microbes contributing to identified proteins, though at coarser taxonomic levels than can be achieved by nucleic acid
analysis.
I hypothesized that there would be detectable differences in the function of microbial communities in control and enriched pitchers. I measured function in two
ways: First, I mapped identified bacterial classes associated with proteins to their
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oxygen requirements and second, I mapped peptides to functional KEGG pathways.
Oxygen requirements differed significantly between taxa contributing to protein expression in control and enriched microbial communities. Bacteria contributing to
protein expression in control pitchers were predominately aerobic, whereas bacteria
contributing to protein expression in enriched pitchers were primarily facultatively
anaerobic. The difference in oxygen requirement of contributing bacteria between
the two treatments was driven largely by two taxa: the obligate aerobe Variovorax
paradoxus (28.4% of total peptides in the control treatment and 7.2% in the enriched
treatment) and the facultative anaerobe Chromobacterium violaceum (53.3% of total
peptides in the enriched treatment and 6.6% in the control treatment; Appendix A:
Table A.2). Peptides that mapped to C. violaceum in the BLAST search mapped in
the Unipept search to Aquitalea magnusonii, a Betaproteobacteria most closely related to C. violaceum, isolated from a humic lake in Wisconsin, USA [32]. Although
I did not measure dissolved oxygen during the field experiment, enriched pitchers
in a subsequent experiment enriched with the same concentration of organic matter
became hypoxic within 48 h, suggesting that pitchers in the field were likely hypoxic [51]. Dissolved oxygen concentration is one of three primary drivers of bacterial
community composition in eutrophic, dimictic lakes [49] and appears to also drive
the composition of functionally active bacteria in enriched S. purpurea pitchers. I
expected to see a high proportion of obligate anaerobic bacteria in enriched pitchers.
Bacteroidetes and Firmicutes, to a lesser degree, have been found to inhabit S. purpurea pitchers [31]; however, I identified very few proteins associated with these taxa.
Of the 3008 and 969 peptides associated with the top 220 proteins in enriched and
control treatments, respectively, I found only 17 peptides associated with obligate
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anaerobes in the enriched pitchers (seven of which were associated with Firmicutes)
and 13 associated with obligate anaerobes in the control pitchers (three of which were
associated with Firmicutes). Though I did find a higher number of peptides associated with Bacteroidetes (74 peptides in control pitchers and 89 in enriched pitchers),
they were facultative anaerobes and not strict anaerobes. It is likely that the low
numbers of identified peptides associated with these taxa in experimental pitchers
are the result of a skewed protein database. My database was built using metagenomic data from pitchers in the field, the majority of which are oxygen rich [1], and
likely contained nucleotide sequences primarily from aerobic and facultative anaerobic bacteria. Additionally, pitchers are generally oxygen rich due to photosynthetic
activity of the plant and therefore primarily harbor aerobic inquilines [1]. Even when
dissolved oxygen is low, there is a constant flux of oxygen into the pitcher fluid and so
the pitchers are rarely ever truly anoxic. It is not surprising, therefore, that peptides
associated with anaerobic bacteria were rare. In the absence of a fully representative
database, I feel that the higher number of proteins represented by facultative bacteria
in enriched pitchers relative to control pitchers is a good indicator of changing oxygen conditions. These results are consistent with the shift to a hypoxic state when S.
purpurea is enriched with additional prey [51].
I assigned KEGG pathways to contigs in the metagenome and to protein identifications in the metaproteomes to compare microbial community function between control
and enriched pitchers, and between the metaproteomes and functional potential in the
metagenome. Not surprisingly, the functional potential revealed by the metagenome
differed from function revealed by the metaproteomes. Amino acid metabolism and
carbohydrate metabolism were represented in the top five rank-ordered pathways in
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both the metaproteomes and the metagenome; however, carbohydrate metabolism
was ranked first in the metaproteomes (~34 - 40% of total peptides) and third in
the metagenome (~12% of mapped contigs). Nucleotide metabolism and energy
metabolism were represented in the top five in the metaproteomes (~18% of total peptides in controls and ~34% of total peptides in enriched pitchers), but were ranked
ninth (~4%) and seventh (~5%) in the metagenome, respectively. Such differences
could be a result of not all nucleotide sequences being transcribed and translated
to proteins, but may also be an artifact of only including 220 proteins from each
treatment in the metaproteome analysis.
I hesitate to hypothesize broader relevance of myfunctional pathway results for
two reasons. First, I am most interested in the identification of proteins that can serve
as biomarkers of aquatic ecosystem state changes. Although I expect that functional
information will be useful for determining the utility and generality of such biomarkers, it is not necessary for finding useful biomarkers. Second, it seems impossible, with
my limited data, to identify a complete set of functions. With that caveat, I found
that coarse KEGG pathway assignments differed between control and enriched microbial communities. Enriched pitchers contained significantly more microbial biomass,
as evidenced by the size of the microbial pellets post-centrifugation. When samples
were pooled and total peptide counts were normalized, chi-square analysis revealed
an enrichment of peptides associated with energy metabolism in enriched pitchers.
These results are consistent with patterns seen in larger aquatic ecosystems: Mineralization of organic matter, an effect of microbial energy metabolism, has been
shown to increase along trophic gradients, with bacteria contributing most to mineralization in eutrophic freshwater lakes [50]. Not surprisingly, peptides associated
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with processes requiring oxygen including oxidative phosphorylation and the citric
acid cycle were enriched in oxygen-rich control pitcher microbial communities. One
protein associated with the citric acid cycle, isocitrate lyase, was present in the top 20
rank-ordered protein identifications in the enriched treatment, but not in the control
treatment. This protein, which has been found to be upregulated during periods of
oxygen depletion in Mycobacterium tuberculosis [60], could be a candidate biomarker
for an impeding tipping point in the S. purpurea microecosystem. Though I did not
find a significant difference in lipid metabolism pathways between control and enriched pitcher proteins, there was a trend for increased pathway representation of
unsaturated fatty acid biosynthesis and fatty acid elongation in enriched pitchers.
Such an increase has been found in bacteria in low-oxygen or anaerobic conditions,
primarily resulting from an increase in membrane lipids [34]. While these differences
do not immediately reveal a functional explanation, it is promising that there were
signatures of detectable differences in the protein profiles between treatments. Such
differences imply that there are changes in the expression of the most abundant proteins in the most abundant taxa related to organic matter loading.
In larger aquatic systems, traditional water quality indicators may not provide
enough lead time to forecast a tipping point [14], especially if they lag behind changes
in the microbial community. I hypothesize that microbial proteins may be more sensitive and timely indicators of impending tipping points than traditional chemical
markers of water quality. I argue that even though metatranscriptomic and metagenomic methods have superior throughput, metaproteomic methods can inexpensively
and rapidly simultaneously characterize the function and (indirectly) composition of
the active microbial community members responsible for processes related to aquatic
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ecosystem state changes. My study includes a semi-quantitative small initial sampling at only a single time point and therefore does not yet enable a comprehensive
enough proteomic analysis to determine the identity of biomarkers or place them in
an ecological context. Future studies using more sensitive instrumentation will allow
for the identification of a larger number of proteins. Time series of environmental
proteomics data and quantitative analysis of changes in protein abundance prior to
state changes will allow for the identification and ecological characterization of tipping
point biomarkers.
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treatments was 6.6% and 0%, respectively. These Protein names were ranked in order of the abuntop 220 proteins and their associated peptides dance of total peptides for each treatment.
are found in Data S1.
In the list of control peptides, a protein hit Taxonomic analysis
from the decoy database was represented by 25
To determine the taxonomic composition of the
total peptides; therefore, we suspected that this microbes contributing to identiﬁed proteins in our
hit was a true positive not represented in our treatments, we conducted a BLAST homology
target database. However, a BLAST search of the search of the metagenomic sequence data for profull amino
acid sequence
did not yield
an identi- tein analysis
hits. All peptides
from the topclasses
220 identiﬁed
Table
2.1: Results
of chi-square
of bacterial
in control
cal match, so we cannot deﬁnitively claim it is a proteins in each treatment were mapped back
true positive; therefore, we removed this peptide to their contigs of origin to obtain nucleotide
from our top 220 list of control peptides. With sequences. Because contigs were at least 500 base
this peptide removed, the false discovery rate for pairs in length, we felt conﬁdent that a BLAST
the control treatment was 4.3%.
search of the nucleotide sequences would yield
All peptide hits were pooled within treatments correct taxonomic identiﬁcations at course taxoand mapped back to their source sequences in nomic levels and acknowledge that ambiguity can
the custom protein database. Those source remain in the taxonomic identiﬁcation from a
sequences were imported in fasta ﬁle format into metacommunity at genus and species levels. The
blast2go v.2.8.0 (Conesa et al. 2005) for identiﬁca- top BLAST hit was retained for each nucleotide
tion and annotation using the following conﬁgu- sequence associated with an identiﬁed protein and
ration settings: blastp program, blast expect linked to a bacterial class (Appendix S1). For each
value of 1.0E-3, 10 blast hits, annotation cutoff bacterial class identiﬁed, a 2 9 2 contingency table
>55, GO (gene ontology) weight >5.
was created with treatments as columns and the
number of peptides associated and not associated
with the taxon as rows. A chi-square test was then
Analysis of the top proteins shared between
used to determine whether the abundance of the
treatments
A randomization test was done using RStudio bacterial class was signiﬁcantly different between
(v. 0.98.1059, RStudio, Boston, Massachusetts, treatments. All P values were adjusted using the
USA) to test the hypothesis that there was a single Benjamini–Hochberg method (Benjamini and
common protein pool for both the control and Hochberg 1995; Table 1). Species composition was
enriched treatments and that the number of visualized using Krona (Ondov et al. 2011;
observed shared proteins between treatments
reﬂects chance effects resulting from random Table 1. Results of chi-square analysis of bacterial
draws from this single protein pool (Appendix S1).
classes in control and enriched pitchers.
We conducted an additional simulation in R to
Control
Enriched
Adjusted
determine the likelihood of a type I error in our
Class
peptides
peptides
chi-square
randomization test (Appendix S1).
Acidobacteria
Actinobacteria
Alphaproteobacteria
Bacteroidia
Betaproteobacteria
Chloroﬂexi
Clostridia
Cytophagia
Deltaproteobacteria
Flavobacteria
Gammaproteobacteria
Gloeobacteria
Sphingobacteria
Spirochaetia

Comparison of the top 20 proteins from each
treatment

We downloaded the sequence by annotation ﬁle
from the blast2go search for each treatment to get
the protein names associated with each protein hit
(sequence description in blast2go). Each of the top
220 identiﬁed proteins in each treatment, ordered
by the number of total peptides associated with
the protein hit, was matched to a protein name
using R software. If multiple protein hits within a
treatment matched a single protein name, the protein names were merged in silico and the total
peptides representing them were summed.
❖ www.esajournals.org

6
32
276
12
469
0
3
14
2
0
50
8
48
11

0
3
196
16
2448
3
7
17
0
3
146
0
53
9

0.000
0.000
0.000
0.059
0.000
0.816
0.959
0.021
0.132
0.816
0.816
0.000
0.000
0.006

Note: Values in boldface are those in which the adjusted
P value is <0.05.
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Appendix S1: Fig. S5). In addition to the BLAST
homology search, we used Unipept (Mesuere et al.
2016) to map tryptic peptides to the UniprotKB
database and retrieve the least common taxonomic
ancestor (most derived shared taxonomic node)
associated with each peptide for pooled replicates
(Appendix S1: Fig. S6). We calculated Hurlbert’s
PIE to estimate the evenness of bacterial classes
contributing to expressed proteins in control and
enriched pitchers (Hurlbert 1971; Appendix S1).

<7% of the database. We merged any species classiﬁed as obligate aerobes or obligate anaerobes
into the aerobe and anaerobe classes, respectively.

Analysis of unpooled data

In addition to analyzing pooled data, we used
ordination and permutation analyses to determine
the effect of enrichment on microbial community
protein expression, taxonomic contribution to
expressed proteins at the class and family levels,
and KEGG pathways. We tested the similarity
within andcontributing
among replicates taxa
of control
and and
Functional
analysis
Table 2.2: Effect
of
treatment
on
microbial
proteins,
(class
Functional pathways (two levels) associated enriched microbial communities using ADONIS,
and pathways.
with each identiﬁed protein from each treatment a nonparametric permutation test in the “vegan”
were retrieved using the KEGG (Kanehisa et al. package (v. 2.4.1) in R (Oksanen et al. 2016). We
2014) mapping function of blast2go v.2.8.0. Each used a multivariate homogeneity of group disperpathway was weighted by the total number of sions test (betadisper function in the “vegan”
peptides associated with protein hits, or the num- package) to determine whether the composition
ber of spectral counts, mapping to that pathway of contributing microbial taxa was more divergent
(Appendix S1: Fig. S7). For each pathway identi- in control replicates than in enriched replicates.
ﬁed, a 2 9 2 contingency table was created with The permutation tests used 999 permutations and
treatments as columns and the number of peptides were done using total peptide counts associated
associated and not associated with the pathway as with protein identiﬁcations, microbial classes,
rows. A chi-square test was used to determine microbial families, and KEGG pathways (Table 2).
whether each pathway was signiﬁcantly over- or To visualize the similarities among replicate
under-represented in enriched pitchers relative to ecosystems, we used the “vegan” package funccontrols. All P values were adjusted using the tion metaMDS to perform non-metric multiBenjamini–Hochberg method (Benjamini and dimensional scaling ordination using Bray–Curtis
distances. Data were square-root-transformed and
Hochberg 1995; Appendix S1: Table S1).
To determine whether bacteria contributing to standardized using Wisconsin double standardexpressed proteins in control and enriched ecosys- ization. To determine which taxa contributed the
tems differed in their O2 requirements, we most to Bray–Curtis dissimilarity of taxa conmapped each bacterial species identiﬁed in our tributing to protein expression between the treatBLAST search to its O2 requirement using data ments, we did a similarity percentages test using
from the Integrated Microbial Genomes database the simper function in the “vegan” package.
(IMG; Timinskas et al. 2014, Reddy et al. 2015;
Appendix S1). The IMG database contains six RESULTS
classes of O2 requirements: aerobe, anaerobe, facultative, microaerophilic, obligate aerobe, and obliFrom 243 Mb of DNA sequence information,
gate anaerobe. The latter three categories make up roughly 54% of 567,549 ﬁltered reads (median

Table 2. Effect of treatment on microbial proteins, contributing taxa (class and family), and pathways.
Proteins

Taxa (Class)

Taxa (Family)

KEGG pathways

Variable

df

F

R2

P

df

F

R2

P

df

F

R2

P

df

F

R2

P

Treatment
Residuals
Total

1
9
10

4.217

0.319
0.681
1.000

0.004

1
9
10

3.766

0.295
0.705
1.000

0.022

1
9
10

4.218

0.319
0.681
1.000

0.003

1
9
10

4.753

0.373
0.627
1.000

0.024

Notes: KEGG, Kyoto Encyclopedia of Genes and Genomes; df, degrees of freedom. Values in boldface are those in which the
adjusted P value is <0.05.
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Figure 2.1: Pipeline for data collection and analysis. Proteins from the microbial communities in experimentally enriched and ambient control pitcher fluid were processed using
SDS-PAGE, tryptic digest, LC-MS/MS, and a SEQUEST search of a custom metagenomic
database. The composition of microbial communities was determined using a BLAST homology search of metagenomic data associated with identified proteins. Protein identity
and annotation was determined via a blastp search to identify orthologs and blast2go.
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Figure 2.2: Protein identifications differed between control and enriched pitchers. (a) Protein hits shared between control and enriched treatments. (b) Results of a randomization
test in which 220 protein hits were randomly assigned to each treatment and the number of
shared protein hits was calculated. Red line indicates the actual shared number of proteins.
Gray probability density function indicates the 95% confidence interval for the simu- lated
shared protein hit values. (c) Top 20 proteins in rank order for each treatment. Proteins
are ranked by the number of total peptides associated with them (in parentheses). Identical
proteins in both treatments are con- nected by lines. Blue lines indicate proteins unique to
the top 20 in control pitchers (C), and brown lines indicate proteins unique to the top 20
in enriched pitchers (E).
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Figure 2.3: Distinctly different microbial communities contributed to protein expression in
control and enriched pitchers. The proportion of total peptides from the top 220 proteins
associated with particular microbial classes (a) and families (b) in all enriched and control
replicate pitchers.
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Figure 2.4: Microbial communities in control and enriched pitchers differ in the proteins
they produce, taxa that contribute to protein expression, and function. Ordination of Bray–
Curtis dissimilarities of total peptides shows clustering of pitcher microbial communities
by treatment for protein hits (adonis P = 0.004), microbial classes (adonis P = 0.022),
microbial families (adonis P = 0.003), and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways (adonis P = 0.003) as a function of treatment (control or enriched).
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Figure 2.5: Microbial function differed between control and enriched pitchers. (a) Heat
map of the proportional representation of course-level Kyoto Encyclopedia of Genes and
Genomes pathways between control pitchers (C) and enriched pitchers (E) and individual
control (H4, H6, E3, C4) and enriched (H1, H2, H3, 2C, 5B, 5A) replicates. Significantly
different pathways between pooled control and enriched samples are indicated with an
asterisk. (b) Oxygen requirement of microbial classes contributing to protein expression as
a proportion of all peptides in control (C) and enriched (E) pitchers.
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Chapter 3
Clockwise and counterclockwise
hysteresis characterize state changes
in the same aquatic ecosystem

3.1

Abstract

Incremental increases in a driver variable, such as nutrients or detritus,
can trigger abrupt shifts in aquatic ecosystems that may exhibit hysteretic
dynamics and a slow return to the initial state. A model system for understanding these dynamics is the microbial assemblage that inhabits the cupshaped leaves of the pitcher plant Sarracenia purpurea. With enrichment
of organic matter, this system flips within three days from an oxygen-rich
state to an oxygen-poor state. In a replicated greenhouse experiment,
I enriched pitcher-plant leaves at different rates with bovine serum al-
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bumin (BSA), a molecular substitute for detritus. Changes in dissolved
oxygen (DO) and undigested BSA concentration were monitored during
enrichment and recovery phases. With increasing enrichment rates, the
dynamics ranged from clockwise hysteresis (low), to environmental tracking (medium), to novel counter-clockwise hysteresis (high). These experiments demonstrate that detrital enrichment rate can modulate a diversity
of hysteretic responses within a single aquatic ecosystem, and suggest different management strategies may be needed to mitigate the effects of
high versus low rates of detrital enrichment.

3.2

Introduction

Anthropogenically enriched ecosystems often exhibit complex dynamics and regime
shifts [35]. Such shifts occur when incremental changes in a driver variable suddenly
tip these systems from one basin of attraction to another [14, 21, 25, 34, 35]. Aquatic
ecosystems that collapse rapidly often recover slowly [6, 27, 32] and may remain in an
altered state long after enrichment has ceased. A general mechanism that might cause
such a lag is hysteresis – a phenomenon in which the relationship between a response
variable and driver variable depends on the state of the system [22, 33]. In systems
with hysteresis, changes in the response variable can lag behind those in the driver
variable due to feedback loops between the response variable and other components
of the system. Alternately, systems may display a reversal of the hysteresis loop [12],
such that changes in the state variable are proportionally larger than changes in the
driver during recovery (Figure 3.1). However, such idealized responses are rarely seen
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in nature, where it can be challenging to definitively isolate the effects of a single
driver variable on regime shifts.
In spite of the popularity of models of hysteresis and alternative stable states [1,37],
only a handful of studies have manipulated driver variables in controlled experiments
to test for hysteretic responses [8,9]. Even these studies have relied on highly artificial
assemblages of only 2 or 3 species. In nature, the limitations to studying hysteresis are
the long time frame over which recovery occurs [17] relative to the generation times of
the component species [2], the lack of constant background conditions (such as global
temperature) over these time frames, and the challenge of replicating whole-ecosystem
measurements [22, 36].
In this study, I asked whether hysteretic responses could be generated in a realistic
multi-species assemblage by manipulating only a single driver variable and tracking
the behavior of an ecosystem response as the state variable. I conducted a greenhouse
experiment using the microecosystem that is found within the cup-shaped leaves of the
northern pitcher plant, Sarracenia purpurea. This system is a good one for testing for
hysteresic responses because it meets several of the criteria proposed for recognizing
alternative stable states [7, 37]. The pitchers of S. purpurea are cup-shaped leaves
that fill with rainwater and capture arthropod prey [5], which forms the base of a
“brown” detrital food web [4]. Detrital enrichment is the driver variable and oxygen
level is the state variable.
Like much larger aquatic ecosystems, the Sarracenia microecosystem is normally
in an oligotrophic state, with high levels of dissolved oxygen (DO). But if it is loaded
with excess prey or detritus, it will collapse quickly (1-3 days) to a low-oxygen (anoxic)
state and then recover slowly (10 to ∼35 days). The low- and high- oxygen states
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have a bimodal frequency distribution [38], and protein expression and microbial diversity are very different in the two states [30]. Except for the compressed time scale,
this trajectory of enrichment, sudden collapse of DO, and slow recovery characterizes
both photosynthetic “green” food webs that experience direct nutrient enrichment
and tightly-linked “brown” food webs enriched with organic matter from the decomposition of primary-producer biomass [43]. My experiments revealed that differences
in the nutrient enrichment rate can generate a surprisingly rich array of recovery
dynamics in the same aquatic ecosystem.

3.3

Material and Methods

3.3.1

The Sarracenia microecoystem

Sarracenia purpurea occurs in peat bogs and sand plains of the eastern U.S. from
northern Florida to Canada, and west to the Canadian Rockies [7]. Within this
large geographic range, the rain-filled leaves of the plant support an aquatic food web
that rapidly assembles, consisting of a prey detrital base, shredding and filter-feeding
aquatic arthropods, and a diverse array of protozoa and microbes. The drowned
prey initially are shredded by aquatic larvae of sarcophagid flies and midges, but the
complete breakdown and mineralization of the prey is predominantly the result of
microbial activity [4]. The mineralized nutrients are quickly assimilated and translocated to plant tissues [4]. In the field, less than 1% of prey encounters result in
successful capture [13, 29]. With low detrital inputs and active photosynthesis by the
plant, this aquatic microecosystem is normally in an oligotrophic state, with low prey
abundance and dissolved oxygen (DO) close to 20% (where 21%=100% air satura49

tion). But with excessive loading of prey or detritus, DO collapses within 8 hours to
less than 5% [38]. With no additional detrital enrichment, the system persists in this
anoxic eutrophic state for many days or weeks until the excess prey is transformed
and DO slowly recovers [38].

3.3.2

Experimental Setup

Greenhouse experiments were conducted, starting 6 July 2015 (low and high enrichment treatments) and 3 July 2016 (intermediate enrichment treatment), at the
University of Vermont’s Biological Research Complex in a temperature-controlled
greenhouse. The only difference in methods between the two years was that pitchers
in 2016 were monitored until DO fully recovered, whereas the pitchers in 2015 were
followed for only 35 days after enrichment. However, for the analyses, I used only the
first 35 days of data from the 2016 plants, so the data from both years are strictly
comparable. Moreover, the critical result of clockwise and counterclockise dynamics
was obtained from the low and high enrichment treatments that were both conducted
in 2015.
Recently fully-formed pitchers greater than 8 ml in volume were randomly chosen
and assigned to control and enrichment treatments. Plants were randomly placed on a
greenhouse bench to account for spatial variation in greenhouse conditions. All pitchers were rinsed twice with reverse-osmosis water and allowed to dry overnight prior to
the start of the experiment. Pitcher fluid was collected from Molly Bog (44.50 N 72.64
W), an ombrotrophic bog in Morristown, VT, USA. Fluid was collected randomly
from multiple plants in the field using a sterile pipette and transported immediately
to the greenhouse where it was passed through the 30-µm frit bed of a chromatog50

raphy column (BioRad, Hercules, CA) to remove macrobes. The filtered fluid was
mixed evenly and added to experimental pitchers. Although natural pitchers also
contain a food web of macro-invertebrates that are controlled by both top-down [10]
and bottom-up [19] and bottom-up interactions, I did not include them in these experiments. Because the macroinvertebrate assemblage varies widely between pitchers
and between times, I did not want to add additional heterogeneity to the system.
More important, the rate of mineralization of detritus and prey is strongly controlled
by the microbes, and the elimination of the entire macro-invertebrate assemblage has
no effect on the rate of prey break-down and nutrient transfer to the plant [4].

3.3.3

Organic Matter Loading

In this study, I used bovine serum albumin (BSA) as a molecular substitute for arthropod prey. BSA is a soluble protein that is well-studied, relatively inexpensive, and
has been used previously in experiments as a carbon and energy source for microbial
communities [41]. Because BSA is water-soluble, I could easily monitor the concentration of unprocessed BSA with a non-destructive Bradford assay [3]. Moreover,
BSA is colorless, so it does not introduce a confounding shading effect that is often
associated with nutrient enrichment from sediment loading in natural systems. Pilot
experiments confirmed that collapse in DO after BSA addition mimics collapse after
arthropod prey addition (Figure B.1) and that BSA is stable in an aqueous solution
and does not break down in the absence of microbial activity (Figure B.2).
I created a BSA cocktail that has the same nutrient content and stoichiometric
ratios as natural insect prey [30]. The BSA cocktail included the trace elements
potassium (KCl), calcium (CaCl2 ), sodium (NaCl), magnesium (MgSO4 ), and man51

ganese (MnCl2 ) in the following ratio: 1 : 0.115 : 0.044 : 0.026 : 0.0001. This ratio
is similar to the elemental composition of royal jelly and adult honeybees [28, 39] and
most closely represents trace-element ratios in bald-faced hornets. I also added 1.5
µg of DNA sodium salt from salmon testes (Sigma) per mg of BSA based on DNA
yields between 1.4 and 1.5 µg/mg from Apis melifera [31]. The BSA cocktail was
pre-made for each pitcher, filtered through a sterile 0.2-µm filter, stored in sterile
1-ml microtubes, and frozen at −20 C until loaded into pitchers. The BSA cocktail
was introduced to pitchers using sterile 8-mL transfer pipettes and mixed into pitchers by drawing pitcher fluid in and out of the pipette three times. I was careful to
limit the amount of air deposited by and introduced into the transfer pipettes during
loadings so that DO measurements would be minimally affected. Control pitchers
received sham loadings in which pitcher fluid was drawn into and deposited from a
transfer pipette to account for the effect of mixing. All pitchers were topped off with
reverse-osmosis water after enrichment/sham loadings.
Pitchers were enriched with 5.0 (high concentration) or 0.5 (low concentration)
mg of organic matter per mL of pitcher fluid in 2015 and 2.0 mg/mL (intermediate
concentration) in 2016. For each experiment, a set of control pitchers received no organic matter. These controls were not used to calculate hysteresis indices but to only
determine when oxygen levels in experimental pitchers had recovered. Experimental
pitchers were loaded with organic matter (between 9:00 am and 9:45 am) following
pitcher-fluid sampling and DO measurement for the first four days of the experiment.
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3.3.4

Data and Sample Collection

I measured DO twice a day each day—at 8:30 am and 5:00 pm (± 2 hrs)—from day 0
to day 20, once per day—at 8:30 am (± 2 hrs)—from day 20 to day 28, and once on
Days 30, 31, 33, and 35 (8:30 am ± 2 hrs). DO (expressed as a percent, where 21%
= 100% air saturation), was measured using a D-166MT-1S microelectrode (Lazar
Research Laboratories). The microelectrode was calibrated prior to each sampling
event according to the manufacturerâs instructions. A single microelectrode was used
to take readings from each pitcher and was rinsed twice with reverse osmosis water
between readings. The order of readings from different replicates was randomized
so that changes in temperature and sunlight over the sampling period were not confounding factors. During readings, the microelectrode was placed 2.5 cm below the
surface of the pitcher fluid and swirled so that the more oxygen-rich pitcher fluid
at the top of the pitcher was mixed and readings reflected average DO. Due to the
sensitivity of the microelectrode, readings were taken as soon as the reader settled on
a value for more than 10 s.
Pitcher fluid was sampled following each DO measurement for spectrophotometric
analysis using a Bradford assay [3]. Using sterile pipette tips, a 300-µL aliquot was
taken from 2.5 cm below the surface of each pitcher and placed in a sterile 1-mL
microfuge tube. Sample tubes were immediately transported to the lab where they
were centrifuged at 13,000 × g for two minutes. The supernatant containing soluble
BSA was removed, placed in a sterile 1-mL microfuge tube, and stored at −80 C until
analyzed.
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3.3.5

BSA Loading Validation via SDS-PAGE

To validate that the majority of protein in extracted pitcher fluid was BSA, I ran a
time series of pitcher fluid from two replicates each of the high- and low-concentration
loading treatments on gels using SDS-PAGE next to known concentrations of BSA
(0.1, 0.5, and 5.0 mg/ml) and a BenchMark Pre-stained Protein Ladder (Invitrogen).
Ten-µL aliquots of pitcher fluid from days 0, 2, 4, 6, 9, 12, 15, 18, 21, 24, 27, and 30
were added to 90 µL of bromophenol blue sample buffer (150 mM Tris pH 6.8, 2%
SDS, 5% beta-mercaptoethanol, 7.8% glycerol) and boiled at 95 C for five minutes.
After centrifugation at 13,000 × g for 30 s, 10 µL of each sample was mixed with
10 µL of sample buffer and loaded into separate lanes of a 10% polyacrylamide gel
(37.5:1 acrylamide:bis-acrylamide). Gels were subjected to SDS-PAGE and stained
with Coomassie.

3.3.6

Bradford Assay

I used a Bradford assay [3] to determine the concentration of BSA. Bradford assays were done using diluted samples after generating a standard curve with known
amounts of BSA. Absorbance was measured using a Biophotometer Plus (Eppendorf)
at an optical density of 600 nm. To streamline 2016 BSA concentration data collection, assays were conducted on a 96-well plate. Absorbance was measured at 545 nm
with a Synergy HTX (Biotek).
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3.3.7

Data Analysis

I used R software (version 3.4.3) running within RStudio (v1.1.442, RStudio, Boston,
Massachusetts, USA) to plot and analyze the data. I plotted the hysteresis loops using
the loess function to fit curves (span = 0.75) and 95% confidence intervals to each
of the interpolated enrichment and recovery trajectories. For this study, I described
loop directions as “counterclockwise” and “clockwise” based on a response variable
that takes on high values at low levels of an environmental driver and decreasing
values as the driver increases (Figure 3.1). I calculated hysteresis indices (HIMEAN )
using the method proposed by Lloyd et al. [23]; however, I used loess-interpolated
values. In my system, a negative value for Lloyd et al.’s [23] index denotes a clockwise
hysteresis loop while a positive value denotes a counter-clockwise loop. HIMEAN was
compared among treatments using a one-way analysis of variance (ANOVA), followed
by a Tukey’s post-hoc test to compare all individual pairs of treatments. Results
were qualitatively the same when I skipped the normalization step and plotted the
hysteresis loops on untransformed axes (Figure B.3).

3.4

Results

Within 5 d after the start of enrichment, DO in all but one enriched pitcher had
collapsed to hypoxic levels (≤2%) (Figure 3.2). The average time to collapse differed
significantly among the three enrichment treatments (F2,14 = 14.38, p = 0.0004).
Pitchers receiving low levels of enrichment collapsed more slowly (x = 60.0 h) than
pitchers receiving intermediate (x = 80.0 h) and high levels of enrichment (x = 26.0
h). After enrichment was halted, DO recovered gradually for another 30 d in treated
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pitchers until the experiment was halted on day 35 (Figure 3.2).
There was variation in mean DO near the end of the experiment, especially in intermediate and high BSA treatments, due to the failure of pitchers in the intermediate
(4 pitchers) and high (5 pitchers) BSA treatments to reach control DO levels by Day
35 (χ2 = 8.30, df=2, p=0.016; Figures 3.2 and B.4). Using the terminal date of the
experiment for pitchers that did not fully return to control DO levels (a conservative
estimate), there was a significant difference (F2,14 = 18.67, p = 0.0001) among the
treatments in recovery time. Pitchers enriched with low levels of BSA recovered more
rapidly (x = 199.2 h) than pitchers enriched with intermediate levels (x = 388.0
h) and high levels (x = 426.0 h) of BSA. In all treatments, there was a substantial
reservoir of undigested BSA remaining in pitchers after the cessation of enrichment
that persisted for weeks (Figure B.5).
HIMEAN was significantly different between all enrichment treatments (ANOVA,
F2,16 = 35.26, p < 0.001). Moreover, the hysteresis index differed significantly between each of the 3 unique pairs of treatments (Tukey’s HSD, p < 0.001). Pitchers
receiving a low rate of BSA enrichment displayed a clockwise hysteresis loop in the relationship between BSA concentration and DO, with a lag in DO recovery relative to
decreasing BSA concentration during the recovery phase (HIMEAN = −0.247; Figures
3.3, 3.4, B.3, and B.6). Hysteresis was absent at intermediate levels of enrichment:
enrichment and recovery curves overlapped, suggesting a responsive tracking of BSA
concentration by DO (HIMEAN = −0.014; Figures 3.3,3.4, B.3, and B.6). High levels
of BSA enrichment yielded a counterclockwise hysteresis loop: DO changed faster
per unit change in BSA concentration during recovery than enrichment (HIMEAN =
0.210; Figures 3.3, 3.4, B.3, and B.6).
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3.5

Discussion

I have shown that an enriched aquatic ecosystem can display a diverse set of hysteretic responses modulated by changes in a single driver variable. At low levels of
enrichment, there was a strong clockwise hysteresis loop in which recovery of oxygen
lags behind changes in BSA. In contrast, high levels of enrichment yielded a counterclockwise loop. Counter-clockwise hysteresis has been detected in some physical and
biological [12, 15, 24] systems, but has rarely been documented in ecological studies.
The few ecological studies with counterclockwise hysteresis loops quantify static patterns of hydrological relationships along a spatial gradient, rather than measuring
ecosystem dynamics and changes through time [16, 42].
It is worth noting that HIMEAN describes hysteresis as a single number for each
replicate ecosystem, but does not characterize variation among time points within a
replicate. In the low enrichment treatment, confidence intervals for the loess fit are
nearly overlapping; however, both high and low enrichment treatments differ in sign
but have HI

MEAN

values of similar magnitude. When all replicates are normalized

and pooled within treatments (Figure B.7), a single HIMEAN for each treatment still
exhibits the same rank order as in the analysis with proper ecosystem replication:
low < intermediate < high (-0.021 < 0.063 < 0.184).
An analytical systems model of the S. purpurea ecosystem predicts clockwise hysteresis as a result of smooth changes in photosynthesis coupled with an abrupt increase
in biological oxygen demand (BOD) [20]. Indeed, the addition of organic matter to
pitchers causes an abrupt increase in BOD resulting from decomposition [20, 38] by
carbon-limited [11] bacteria. Pitchers in all enrichment treatments saw a rapid de57

cline in DO following the initial enrichment phase, suggesting that BOD increased
rapidly (Figure 3.2). This rapid change in BOD may have contributed to clockwise
hysteresis at low levels of enrichment, but does not account for the counterclockwise
hysteresis at high enrichment levels.
In other systems, counter-clockwise hysteresis is generally the result of positive
feedback loops [18]. In my system, positive relationships exist between plant photosynthesis and DO, bacterial abundance and BSA, and potentially between the abundance of facultatively anaerobic bacteria and DO. A minimal model of the system
would include such variables as the abundance of aerobic and anaerobic bacteria and
the concentration of DO and BSA.
The magnitude of hysteresis is influenced by changes in the strength of feedbacks
underlying the hysteresis response [9]. I hypothesize that the changes in magnitude
and direction of hysteresis in my system are a result of changing feedback strengths between bacterial abundance, DO, and BSA concentration. Although I did not measure
bacterial abundance, I suspect there were dramatic increases because pitcher fluid in
enriched pitchers was cloudy and brown after enrichment. Complex hysteretic dynamics may also reflect changes in microbial composition and function; indeed, ongoing
proteomic assays reveal increases in protein expression in facultative anaerobes as a
result of BSA loading (in prep).
Hysteretic ecosystems may require larger restoration efforts to recover from a regime
shift [26]. For example, in eutrophic shallow lakes, a simple reduction in phosphorus
input does not lead to a proportional recovery in macrophyte cover [27] or community
structure [32]. Further, these communities do not fully recover in the time frames in
which they are studied [32] and may effectively remain permanently degraded. These
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examples and my work highlight the importance of applying a dynamic regime concept
[26] to ecosystem management and restoration. Such an approach would include
testing for hysteresis, characterizing feedbacks that maintain undesirable regimes,
and identifying if and how system variables change as a result of a regime shift [40].
In ecosystems where hysteresis is counter-clockwise, rapid reduction in a driver
variable from high to low levels may be a successful restoration strategy. In contrast,
systems that have experienced chronic low-levels of enrichment may exhibit clockwise
hysteresis that requires more extreme reductions of the driver variable, or alternative restoration strategies [40], to restore. my work highlights the importance of
understanding how past histories of high versus low enrichment may dictate different
restoration strategies for collapsed ecosystems.
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3.8

Figures
HImean= mean(RLnorm − FLnorm)

Response Variable

FLnorm

RLnorm

RLnorm

FLnorm

RLnorm

FLnorm

Environmental Driver

Figure 3.1: Idealized hysteresis loops in driver-response relationships during enrichment
(red lines) and recovery (black lines). Clockwise hysteresis (left panel) (HI MEAN < 0),
counterclockwise hysteresis (right panel) (HI MEAN > 0), and environmental tracking (center panel) (HI MEAN = 0). HI MEAN is the average of the difference between the rising limb
and falling limb across measured intervals (dashed lines). Compare to empirical data in
Figure 3.3
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Figure 3.2: The addition of bovine serum alubmin (BSA) to replicate pitchers causes
hypoxia at all levels of enrichment greater than or equal to 0.05 mg BSA/ml pitcher fluid.
Time series of average dissolved oxygen (DO) from all replicate pitchers in low, intermediate
and high BSA addition treatments. Error bars represent one standard deviation of the mean.
Vertical arrows represent the timing of BSA additions. Gray bands denote the range of DO
considered hypoxic (<2%).
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Figure 3.3: Altering a single driver variable, bovine serum albumin (BSA), elicits counterclockwise and clockwise hysteresis in an aquatic ecosystem. Local regression (loess) curves
(span = 0.75) fitted to mean state-space plots in low, intermediate, and high BSA addition
treatments with 95% confidence intervals. Red and black points, lines, and shading denote
data from the enrichment and recovery phases, respectively. Compare to idealized curves
in Figure 3.1.
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Figure 3.4: The strength and direction of hysteresis, indicated by HIMEAN , was significantly
different between all enrichment treatments (ANOVA, F2,16 = 35.26, p < 0.001; Tukey
HSD, p < 0.001). HIMEAN describes the magnitude of hysteresis (from 0 to 1, where 0 = no
hysteresis) and direction (negative = clockwise, positive = counterclockwise). Blue, green,
and red dots represent HIMEAN of replicates experiencing low (n=5), intermediate(n=6),
and high (n=6) levels of enrichment, respectively. Solid horizontal lines represent mean
HIMEAN values in each treatment and the dotted horizontal line denotes where HIMEAN =
0.
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Chapter 4
Taxonomic and functional changes
in the bacterial community of Sarracenia purpurea during a state change
following organic matter enrichment

4.1

Abstract

Freshwater aquatic ecosystems can undergo abrupt and long-lasting transitions from one state to another, often with negative ecological consequences. Such state changes can be long-lasting or irreversible and the
impacts on bacterial community structure and function, especially after
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recovery, are not well-characterized. Here, I enriched replicate S. purpurea microecosystems with organic matter at three different concentrations, triggering an abrupt transition from an oxic to hypoxic state. I
then used metaproteomics to characterize the bacterial communities in
the S. purpurea microecosystem before, during, and after a state change.
I found differences in structure and function between ecosystems prior
to enrichment, during hypoxia, and after recovery from a state change.
Ecosystems featuring hysteretic dynamics were more similar in the composition of proteins and active bacterial classes than non-hysteretic ecosystems. My results show that enrichment can cause long-lasting changes in
the composition and function of bacterial communities in the S. purpurea
ecosystem and that such changes may be explain hysteretic patterns in
the ecosystem’s dynamics.

4.2

Introduction

Freshwater aquatic ecosystems can undergo rapid state changes in response to anthropogenic enrichment that alter ecosystem structure and function [23]. Such changes
are often nonlinear due to a phenomenon called hysteresis, in which the relationship
between a driving variable (e.g. organic matter) and an ecosystem response variable
(e.g. dissolved oxygen) differs during enrichment and recovery. In hysteretic enriched
ecosystems, even if the environmental driver returns to pre-enrichment levels, changes
in the response variable may lag behind or not return to pre-enrichment levels [1].
Shallow lakes serve as a classic example of a hysteretic ecosystems [24]. In these
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lakes, phosphorus enrichment causes an increase in primary production and turbidity, leading to the loss of submerged plants. Without submerged plants, sediment
is more easily released into the water column, further increasing turbidity and suppressing colonization of submerged plants. Such feedback between plant cover and
turbidity results in a lag in the return of plant cover as phosphorus declines, leading
to an increase in recovery time [24]. Studies on freshwater aquatic ecosystem state
changes have focused primarily on the relationship between state changes and food
web structure [5, 25] and on identifying and assessing potential early warning indicators [4, 6, 28]. Less attention has been given to the recovery of these systems and the
role that bacteria play in shaping potential underlying hysteretic dynamics, despite
the importance of bacteria in aquatic ecosystem processes [19]. Challenges such as
long time scales over which recovery occurs [10] and ethical concerns with replication
make experimentation within natural aquatic ecosystems difficult [16]. Therefore,
most studies on how bacterial community structure and function change with trophic
status study single water bodies [27] or interconnected water bodies along a gradient
of enrichment [13, 29].
In the last decade, the Northern Pitcher Plant, Sarracenia purpurea, has been
used as a model ecosystem for studying state changes in aquatic ecosystems [20, 21,
26]. This carnivorous plant features modified, cup-shaped leaves, or "pitchers," that
fill with rainwater. Each pitcher is home to a multi-trophic food web, including
insect larvae, mites, rotifers, and over a thousand species of bacteria that mineralize
nutrients for the plant [3, 7, 8, 14]. When enriched with enough organic matter, S.
purpurea pitchers abruptly become hypoxic due to increased bacterial oxygen demand
[21, 26]. A previous press enrichment study has shown that microbial community
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structure and function in enriched S. purpurea ecosystems differ significantly from
unmanipulated ecosystems; however, this experiment did not characterize microbial
community structure and function prior to enrichment, so changes over time could
not be tracked [20].
Here, I used the microbiome that inhabits the pitchers of the carnivorous pitcher
plant Sarracenia purpurea as a model ecosystem [26] to understand how bacterial
community structure and function changes as an ecosystem collapses and recovers
after a state change. I sampled replicate microbial communities prior to enrichment,
during hypoxia, and after recovery in pitchers enriched with low, intermediate, and
high concentrations of organic matter. I found that microbial communities in these
treatments differed in structure and function and that these differences correspond
to underlying hysteretic dynamics.

4.3

Methods

4.3.1

Greenhouse Experiments

Detailed methods for the experimental setup and data collection can be found in
Northrop et al. [21]. I ran a greenhouse experiment in July and August in 2015
and 2016 at the University of Vermont’s Biological Research Complex. Six replicate
pitchers in each treatment were enriched in a press experiment with low (0.5 mg/mL),
intermediate (2.0 mg/mL), or high (5.0 mg/mL) concentrations of bovine serum albumin (BSA) solution, a molecular substitute for arthropod prey [20]. I added salts to
create a BSA solution that has the similar nutrient content and stoichiometric ratios
as natural insect prey of S. purpurea [20]. Low and high enrichment treatments were
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carried out in 2015 and the intermediate enrichment treatments in 2016. In each year,
I also included a set of control pitchers that received no enrichment.
Dissolved oxygen was monitored and pitcher fluid sampled twice daily during enrichment to determine the concentration of dissolved oxygen and BSA in the pitchers.
Once mean dissolved oxygen concentration was less than 2.0%, BSA enrichment was
halted. Pitcher fluid collection and dissolved oxygen monitoring continued until oxygen in replicate pitchers was within 2% of that in matched control pitchers of similar
volume. Pitchers were all removed from the experiment on Day 35, regardless of
whether or not their oxygen profiles had returned to control conditions. The amount
of unprocessed BSA in all pitcher fluid samples was measured using a Bradford Assay [2].

4.3.2

Metaproteomics

Pitchers were sampled for metaproteomic analysis. Initial samples were collected
from the homogenized, field-collected pitcher fluid, filtered through a 30 L filter to
remove macrobes. Samples were taken after each replicate ecosystem recovered in
both 2015 and 2016. For intermediate enrichment treatments in 2016, samples were
also collected at the cessation of enrichment. Control pitchers were sampled in both
2015 and 2016 at the same time as their matched enriched pitchers were sampled.
Samples were processed and stored as described previously [20].
SDS-PAGE, gel electrophoresis,and tryptic digest were carried out as described
previously [20]. Samples were subject to tandem mass spectrometry to identify microbial pepties and proteins using the Q Exactive Plus mass spectrometer fitted with a
Nanospray Flex ion source (Thermo Fisher Scientific, Inc.; Waltham, MA). Peptides
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were resuspended in Solvent A (2.5% acetonitrile, 0.15% formic acid) and separated
via HPLC using the Easy n-LC 1200. Chromatography columns (15 cm × 100 µm)
were packed in-house with 2.7-µm C18 packing material (Bruker, Halo, pore size =
90 µm). Peptides were eluted using a 0 - 50% gradient of Solvent B (80% acetonitrile,
0.15% formic acid) over a 60-minute window and electrosprayed into the mass spectrometer. This gradient was followed by 10 min at 100% Solvent B before a 15-min
equilibration in 100% Solvent A. Each precursor scan (scan range = 360–1700 m/z,
resolution = 7.0 × 104, AGC = 1.0 × 106, maximum ion time = 100 ms) was followed
by ten fragmentation spectra of the top 10 most abundant precursor ions (resolution
= 3.5 × 104, AGC = 5.0 × 104, maximum ion time = 50 ms, isolation window = ±
1.6 m/z, collision energy = 26%).
Mass spectra were searched using SEQUEST (Thermo Fisher Scientific, Waltham,
Massachusetts, USA) against a custom translated proteomic database as described
in Northrop et al. [20], except using the following parameters: false discovery rate
≤ 5%, Xcorr ≥ 3.2 for doubly charged ions, Xcorr ≥ 3.4 for triply charged ions, ppm
≥ −2, and ppm ≤ 2.

4.3.3

Data Analysis

All statistical analyses were performed in R Studio (v1.1.442, RStudio, Boston, Massachusetts, USA).
I calculated the false discovery rate (FDR) for the data collected in 2015 and the
data collected in 2016 using a custom decoy database as described previously [20]. I
pooled data from all replicates within each of the following 5 groups: initial samples
(initial), low enrichment samples after recovery (low), intermediate enrichment sam73

ples after recovery (intermediate), high enrichment samples after recovery (high), and
intermediate enrichment samples during the initial DO crash (crash). The number of
protein hits varied substantially among replicates; therefore, only the top 185 proteins
from each treatment, ranked by unique number of peptides, were used for analysis in
this study.
I mapped each protein back to a nucleotide sequence from a custom metagenomic
database described in Northrop et al. [20]. Nucleotide sequences were then searched
against the NCBI nr nucleotide database to retrieve GenBank accession numbers
using BLAST (v2.9.0, https://blast.ncbi.nlm.nih.gov/Blast.cgi). BLAST
parameters were set to default values, except I retained only the top 10 hits. I used the
taxize (v0.6.0) software package for R (http://cran.r-project.org) to convert
GenBank accessions numbers of the top BLAST hits to NCBI Taxonomy UIDs and
to retrieve taxonomic designations for each protein.
I calculated Hurlbert’s probability of interspecific encounter [9] using the benthos
(v1.3-6) package in R to compare the evenness of taxonomic classes among treatments.
The total number of peptides associated with each class was used as a proxy for
abundance. To compare the distribution of microbial classes among treatments, I used
Pearson’s chi-square test with the Monte Carlo simulation method (permutations =
999) via the R stats package, using the total number of peptides associated with each
class as a proxy for abundance.
Each identified species was mapped to its oxygen requirement. If a species was
described as both aerobic and microaerophillic it was categorized as aerobic. I used
the total number of peptides associated with each species as a proxy for abundance.
I used a chi-square test with Monte Carlo simulation to determine if the distribution
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of oxygen requirements was different between treatments.
I used blastp (NCBI) via OmicsBox (BioBam, v. 1.3) to query the NCBI nr
database and identify protein orthologs and KEGG pathways associated with protein
sequences from the custom translated protein database [20]. I used the following
parameters for the search: blast expect value = 1.0E -3, 10 blast hits, annotation
cutoff >55, GO (gene ontology) weight >5. Some proteins mapped to multiple enzyme
codes and multiple pathways. In some cases, proteins mapped to the same pathway
twice. For each protein, I determined the total number of peptides associated with
each pathway, including redundant pathways. I then determined the total number of
peptides associated with each pathway and used Pearson’s chi-square test with the
Monte Carlo simulation method to determine if the distribution of the total peptides
associated with each pathway differed between treatments.
To analyze unpooled data, I selected proteins from each replicate if they were
present in the top 185 proteins from the corresponding pooled treatment data. I
calculated PIE for each replicate and used a Kruskal-Wallis test to determine if PIE
differed between treatments. I used ordination and permutation analyses to compare
protein expression, taxonomic contribution to expressed proteins, and KEGG pathways using the total number of peptides associated with each protein as a proxy for
abundance. To visualize the similarity among replicates and treatments, I performed
nonmetric multidimensional scaling with the vegan package metaMDS function, using Bray-Curtis distances. Data were square-root-transformed and standardized using Wisconsin double standardization. I tested similarities between treatments using the adonis function (permutations = 999) in the vegan package (v2.4-2), which
performs a PERMANOVA, to test for statistical significance in differences between
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taxa, proteins, and pathways among treatments. An assumption of this test is that
there are homoegenous treatment variances. I tested this assumption with with a
permutation-based multivariate homogeneity of group dispersions test using using
Bray-Curtis distances (betadisper and permutest functions in the vegan package) to
test for homogeneity of treatment variances.

4.4

Results

The false discovery rate for the data collected in 2015 was 0.041. The data collected
in 2016 had a false discovery rate of 0.028. From the pooled data, I identified 649
unique proteins in the initial samples(45 in 2015 and 640 in 2016), 185 in the low
enrichment treatment, 254 in the intermediate enrichment treatment, 548 in the high
BSA treatment, 193 in the crash treatment, and 84 in the control treatment(47 in 2015
and 60 in 2016). Because there were so few identified proteins in control treatments in
each year, I omitted these from the analysis. All proteins identified in the 2015 initial
samples were represented by no more than three total peptides each; therefore, the
pooled initial samples were overwhelmingly representative of the 2016 initial samples.
The distribution of microbial classes contributing to protein expression differed
among treatments (χ2 = 1985.6, df=NA, p=0.0005; Figure 4.1). Pitchers enriched
with high concentrations of BSA contained a higher proportion of peptides contributed by betaproteobacteria (76%) after recovery than pitchers enriched with low
(26%) and intermediate (30%), which contained fewer peptides contributed by betaproteobacteria than initial samples (48%) (Figure 4.1). Conversely, compared to
initial samples (23%), alphaproteobacteria contributed more peptides after enrich-
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ment in low (60%) and intermediate (47%) treatments and fewer in pitchers enriched
with a high concentrations of BSA (8%) (Figure 4.1). Chitinophaga were present in
initial samples (13%) but were absent from low and high enrichment samples and
present in low abundance (<1%) in intermediate samples during hypoxia and after
recovery (Figure 4.1). Actinobacteria were rare in initial (3%), low enrichment (2%)
samples, and high enrichment (<1%) samples and slightly more abundant in intermediate samples taken after recovery (8%). In comparison, samples taken during hypoxia
contained 17% Actinobacteria. When analyzed at the replicate level, taxonomic class
composition differed between treatments (PERMANOVA, F5,17 = 8.85, R2 = 0.72,
p=0.001)(Figure C.1a). Variances in the treatments were homogenous (permutest;
F5,17 = 1.99, p=0.11)(Figure C.1a). A PERMANOVA indicated that species composition differed between treatments (F5,17 = 4.73,R2 , p=0.001); however,treatment
variances were non-homogenous (permutest; F5,17 = 3.74, p=0.023)(Figure 4.2a). Microbial class evenness, measured using PIE, was lowest in high enrichment (0.40) and
low enrichment (0.56) treatments and similar among initial samples (0.69) and intermediate samples during hypoxia (0.69) and after recovery (0.67). However, when the
unpooled data were analzyed, differences in PIE were not significant among treatments (ANOVA; F5,17 = 2.17, p=0.11).
Treatments differed in the function of the microbial community in terms of oxygen
requirements and expressed proteins (Figures C.1a, 4.3). The distribution of oxygen
requirements associated with proteins contributed by microbial species differed among
treatments (χ2 = 1169.2, df = NA, p-value = 0.0005; Figure C.1)(Figure 4.3). Microbial species contributing to protein expression were primarily aerobic in all treatments
(>75%) except for the high enrichment treatment (32%), which was dominated by
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facultative anaerobes (44%)(Figure 4.3). In all treatments, proteins contributed by
strict anaerobes were rare; however, they comprised a larger proportion of peptides
in the high enrichment samples (7%) than any other treatment (<1%)(Figure 4.3).
The distribution of expressed proteins differed between treatments for pooled data
(χ2 = 7280.3, df = NA, p-value = 0.0005) and for non-pooled data (PERMANOVA;
F5,17 = 4.65, R2 = 0.58, p=0.0001); however, treatment variances were not homogenous (permutest; F5,17 = 3.74, p = 0.032).
When proteins were mapped to KEGG pathways, the distribution of pathways differed among treatments for pooled data (χ2 = 529.8, df = NA, p-value = 0.0005)(Figure 4.2) and for non-pooled data (PERMANOVA; F5,17 = 3.56, R2 = 0.51, p=0.001);
however, treatment variances were not homogenous (permutest; F5,17 = 2.77, p =
0.035)(Figures C.1d). Proteins in the low and high enrichment treatments had more
similar pathway profiles than intermediate treatment samples before enrichment, during hypoxia, and after recovery (Figures C.1d, 4.2).

4.5

Discussion

I conducted a metaproteomic screen of the bacterial community structure and function
of S. purpurea pitcher fluid before, during, and after recovery from a state changes in
pitchers enriched with low, intermediate, and high concentrations of organic matter.
Our low false discovery rates and the precise clustering of initial samples (Figure C.1),
which were drawn independently from the same homogenized fluid, indicate that
the metaproteomic methodology is precise. Our metaproteomic screen determined
that the bacterial communities contributing to protein expression in unmanipulated
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S. purpurea pitchers consisted primarily of Proteobacteria, specifically Alpha- and
Beta-proteobacteria. This pattern is also seen in larger lakes and ponds [17, 18];
however, many larger bodies of water generally include an appreciable proportion of
Actinobacteria, which were represented by many fewer peptides than other taxa in
the S. purpurea pitchers [19]. Unmanipulated pitchers contained a sizable proportion
of Chitinophaga. Chitinophaga are highly chitinolytic [22] and therefore would be
expected to thrive in pitchers, which primarily collect chitinous insect prey [7]. The
fact that Chitinophaga do not contribute much to protein expression after initial
samples were taken is not surprising; pitcher fluid in initial samples was filtered to
remove insect prey just prior to sampling and pitchers were given no additional insect
prey during the experiment.
Though we know bacterial communities in S. purpurea change across seasons [15],
little is known about how bacterial composition changes across years. In this study,
the active bacterial communities in field-sampled pitchers prior to enrichment were
similar to those in unmanipulated pitchers in a previous study, conducted in a different
year [20]. Such similarities in composition suggest that there is some continuity in
composition at course taxonomic levels across years, even in pitchers sampled in
different sites. This finding is supported by previous work in the same system that
found large site differences at the genus level, but not at the phyla level [8].
The composition of functionally active bacteria in pitchers enriched with a high
concentration of organic matter at the end of the experiment (>30 days from cessation
of enrichment) was similar to the composition of pitchers sampled during enrichment
with high concentrations of organic matter in a field press enrichment experiment [20].
In both studies, bacterial classes contributing to protein expression were characterized
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by a very high abundance of Betaproteobacteria relative to other bacterial classes
(Figure 4.1). There were also differences in the composition of bacterial communities
in pitchers enriched with low and high concentrations of organic matter after dissolved
oxygen recovered. These findings suggest that changes occurring in the bacterial
community structure in response to organic matter enrichment persist well after an
ecosystem returns to its original dissolved oxygen levels.
There were significant differences between treatments in the function of the active bacterial community. In terms of their oxygen requirement, bacterial "species"
linked to expressed proteins were primarily aerobic in all treatments; however, the
high enrichment treatment had a higher concentration of peptides associated with
facultative bacteria than aerobic bacteria (Figure 4.3). This pattern matches finding
from a previous study [20] in which pitchers were sampled during enrichment, rather
than after recovery. Taken together, these findings suggest that the there are persistent changes in bacterial community function in highly enriched ecosystems and that
these changes can persist long after enrichment is halted and even after oxygen has returned to control conditions. Persistant co-occurance of multiple oxgen requirements
in enriched ecosystems has been demonstrated in a simplified ecosystem in which
facultative aerobes dominate until the system is enriched and becomes sufficiently
deoxygenated to accommodate anaerobic bacteria [12]. In this hysteretic simplified
ecosystem, anaerobic bacteria persist despite oxygen levels returning to levels above
their tolerance [12]. Additionally, the presence of hysteresis depeneded on the stoichiometric balance of carbon and oxygen [12], suggesting the same may be true for
the S. purpurea ecosystem.
The persistence of changes in structure and function of the bacterial community in
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response to enrichment could be due to the interaction of dissolved oxygen available
in pitchers and the oxygen requirements of bacteria inhabiting them. As oxygen conditions reach hypoxia, facultative anaerobic bacteria outcompete aerobes [20]. These
facultative bacteria require no oxygen, so dissolved oxygen levels should begin to rise,
once again favoring aerobic bacteria and increasing bacterial productivity; however,
this increase in bacterial productivity should ultimately drives oxygen levels back
down, at least until there’s no longer organic matter available. These cyclical changes
in oxygen due likely favor facultative aerobic bacteria, allowing them to outcompete
aerobic bacteria and persist well after enrichment has stopped. The abundance of
facultative bacteria in enriched pitchers likely also plays a role in determining the
concentration of organic matter. Under hypoxic conditions, these bacteria can switch
to anaerobic respiration, which slows the decomposition of organic matter and allows
it to accumulate [11]. Oxygen consumption should decline as facultative bacteria
switch to anaerobic respiration and the pitcher plant can then input more oxygen
into the pitcher fluid than is being consumed. These relatively rapid increases in oxygen relative to the slow changes in the concentration of organic matter could explain
the pattern of counterclockwise hysteresis seen in the high enrichment treatment in
which oxygen recovery was accelerated relative to changes in organic matter [21].
Bacteria play a critical role in aquatic ecosystem processes [19] and therefore
likely play an important role in the feedbacks responsible for hysteresis in aquatic
ecosystems. I have shown that ecosystems enriched with enough organic matter
experience long-lasting changes in bacterial community composition and function,
including how they may use oxygen. I hypothesize that these changes in function
and structure are part of feedbacks underlying hysteretic dynamics in the S. purpurea
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ecosystem.
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Figure 4.1: Functionally active taxa differ in the proportion of identified peptides associated with microbial classes was different among initial samples, samples taken during the
oxygen crash (hypoxia), and in intermediate, low, and high treatment samples after oxygen
returned to control conditions. The size and color of the circles correlate to the size of the
standardized residuals from a Pearson’s chi-square test using the Monte Carlo simulation
method. Blue circles represent positive standardized residuals and red circles represent
negative standardized residuals.

86

High

Low

Intermediate

Crash

Initial

9.81

Amino acid metabolism
7.19

Biosynthesis of other secondary metabolites
5.56

Carbohydrate metabolism
3.93

Energy metabolism

Glycan biosynthesis and metabolism

2.30

Lipid metabolism

0.68

Metabolism of cofactors and vitamins

-0.95

Metabolism of other amino acids

-2.58

Metabolism of terpenoids and polyketides
-4.20

Nucleotide metabolism
-5.83

Xenobiotics biodegradation and metabolism
-7.46

Figure 4.2: The proportion of identified peptides associated with molecular pathways was
different among initial samples, samples taken during the oxygen crash (hypoxia), and in
intermediate, low, and high treatment samples after oxygen returned to control conditions.
The size and color of the circles correlate to the size of the standardized residuals from a
Pearson’s chi-square test using the Monte Carlo simulation method. Blue circles represent
positive standardized residuals and red circles represent negative standardized residuals.
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Figure 4.3: Oxygen requirements of functionally active microbes differed between initial
samples, samples taken during the oxygen crash (hypoxia), and in intermediate, low, and
high treatment samples after oxygen returned to control conditions. The size and color of
the circles correlate to the size of the standardized residuals from a Pearson’s chi-square
test using the Monte Carlo simulation method. Blue circles represent positive standardized
residuals and red circles represent negative standardized residuals.
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Chapter 5
Conclusions and Future Directions
This dissertation used a combination of metagenomics, metaproteomics, and field
and greenhouse experiments to explore state changes in aquatic ecosystems and their
effects on bacterial communities. The S. purpurea microecosystem serves as a model
ecosystem for state changes; however, little is known about its alternate oxic and
hypoxic states and the underlying dynamics between the environmental drivers and
ecosystem response variables.
In Chapter 2, I characterized the structure and function of the bacterial communities in alternative oxic and hypoxic states in the S. purpurea ecosystem. I predicted
that if truly representative of alternative states, we should see differences in the structure and function of the bacterial communities in oxic vs. hypoxic states. Indeed,
there were differences in both the structure and function of the bacterial communities.
Pitchers in all treatments featured mostly Alpha- and Betaproteobacteria. Betaproteobacteria dominated enriched pitchers while Alphaproteobacteria dominated control pitchers. This difference was driven by just two species of bacteria; a facultative
anaerobe in enriched pitchers and an aerobe in control pitchers. Pitchers enriched
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with organic matter contained more facultative anaerobes and were less diverse than
control pitchers. The taxa in enriched pitchers were similar to those found in larger
enriched aquatic ecosystems and the molecular pathways represented in these pitchers
are as expected for bacterial processes in detrital food webs. Overall, the results suggest that the oxic and hypoxic states are distinctly different in bacterial community
function and structure.
I chose to use proteomics as a way to characterize communities in oxic and hypoxic
pitchers because it allowed me to get at both structure and function simultaneously;
however, there are more traditional approaches to determining taxonomic composition
of bacterial communities, such as transcriptomics and metagenomics. Metatranscriptomics also allows for a screen of active bacterial community structure and function;
however, mRNA and protein levels are often not strongly correlated [9], especially in
perturbed systems [2]. 16S rRNA sequencing allows for more accurate identification
of bacterial taxa, including those that are dormant at the time of sampling. My
methodology restricted my search to bacteria that were not dormant; however, enrichment in aquatic ecosystems can nearly double the amount of dormant bacteria [3].
Bacterial dormancy can stabilize ecosystems, maintain diversity, and determine how
ecosystems recover [5]. Understanding the composition of this "pool" of dormant bacteria and their oxygen requirements may shed light on how oxygen dynamics impact,
and are impacted, by bacterial composition and function.
In Chapter 3, I conducted a greenhouse enrichment experiment to understand
the relationship between oxygen and organic matter. Specifically, I predicted that
there would be clockwise hysteretic dynamics between these variables: the recovery
of oxygen would lag behind changes in organic matter concentration. I found evidence
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of this "clockwise" hysteresis loop only at low concentrations organic matter loading.
At intermediate levels there was no evidence of hysteresis. At high levels I saw
an unusual counterclockwise hysteresis loop, indicating that oxygen was recovering
faster relative to changes in dissolved organic matter concentration. These complex
dynamics hint at the presence of multiple feedback loops or a single reversible feedback
loop involving variables other than oxygen and organic matter. They also suggest that
there may be a wider range of hysteretic dynamics in larger aquatic ecosystems than
has been revealed experimentally.
I hypothesize that bacterial composition (and therefore oxygen requirements)
plays a role in the feedbacks underlying hysteresis in the S. purpurea microecosystem. I chose to remove non-microbial organisms from pitchers in my experiments
in order to focus on the bacteria that drive oxygen in the system; however diversity
of the bacterial community is impacted by the presence of a keystone predator: the
mosquito larva Wyeomyia smithii [8]. Such top-down control could have cascading
effects on the bacterial community structure. Future experiments could be conducted
in which predators are added to replicate enriched pitchers prior to a state change.
16S sequencing combined with metaproteomics would allow for a time-series of active
and dormant microbial composition across a state change and recovery. If bacterial composition shapes hysteretic dynamics, then I predict that the presence of W.
smithii should also affect hysteretic dynamics indirectly through top-down control of
the composition of the microbial community.
In Chapter 4, I investigated how bacterial communities in the S. purpurea ecosystem change over the course of a state change and during recovery. Because bacteria
are the main drivers of oxygen dynamics in the S. purpurea ecosystem [4], I hypoth-
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esized that feedbacks responsible for hysteresis likely involve changes in microbial
composition or function. As a first step to elucidating these potential changes, I
sampled pitchers enriched with low, intermediate, and high concentrations of organic
matter prior to a state change, during the hypoxic state, and after oxygen recovered
to control conditions. My findings echoed those in Chapter 1: Betaproteobacteria
and Alphaproteobacteria were most abundant in all pitchers. Prior to enrichment,
bacterial composition at the class level was similar to unmanipulated pitchers in the
field in a previous year, indicating that the composition of the microbial classes may
not vary much from year to year or even across a season. Facultative betaproteobacteria dominated highly enriched pitchers, even after the ecosystem recovered to initial
oxygen conditions. In these highly enriched pitchers, most of the expressed proteins
came from facultative anaerobes, whereas the majority of proteins in all other treatments came from aerobic bacteria. Taken together, these results suggest that changes
in composition and function can be persistent in highly-enriched ecosystems.
I hypothesize that it is the interaction between how bacteria use oxygen (aerobic
or anaerobic metabolism) and the availability of oxygen (impacted by the availability
of organic matter) that ultimately accounts for the range of hysteretic behaviors we
see in the S. purpurea ecosystem. In both Chapters 1 and 3, I found that highly
enriched pitchers were dominated by a single or a few species of bacteria with a facultatively anaerobic oxygen requirement. In these highly enriched pitchers, hysteresis
is counterclockwise; therefore, changes in oxygen are "faster" than changes in organic
matter concentration. When pitchers are initially enriched with high concentrations
of organic matter, bacteria cannot mineralize it quickly enough and a pool of organic
matter builds up. I hypothesize that aerobic bacteria use oxygen quickly until hypoxic
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conditions are reached, at which point facultative anaerobes begin to dominate the
system. When they do, breakdown of organic matter slows significantly. Because the
pitcher plant puts oxygen into the pitcher fluid while photosynthesizing, the pitchers can’t remain hypoxic for long; however, the pool of unused organic matter keeps
bacterial productivity high and therefore keeps oxygen low. In fluctuating oxygen
conditions, facultative bacteria may outcompete aerobic bacteria, explaining their
persistence even when oxygen conditions return to control conditions.
The S. purpurea ecosystem holds up as a good model system for understanding state changes in larger aquatic ecosystems. The taxonomic composition of these
pitchers and changes in composition with enrichment echo findings in larger lakes
and ponds [6,7]. In addition to sharing bacterial composition, the dynamics of driver
and response variables in the S. purpurea microecosystem feature hysteresis, a phenomenon that occurs in shallow lakes [1]. These findings suggest that I can scale up
my findings to larger aquatic ecosystems,and that bacteria may play a critical role in
shaping the relationship between environmental drivers and ecosystem response variables during state changes in larger aquatic ecosystems. Understanding how changes
in bacterial composition and function are related to hysteresis will be important for
understanding how these ecosystems may recover from a state change.
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Appendix A
Chapter 2 Supplemental Information

A.1
A.1.1

Detailed Methods
Field Experiment

Starting June 10, 2011, we selected newly opened, and therefore sterile (Peterson et
al., 2008), S. purpurea pitchers for five days until 20 pitchers were selected. One
pitcher from each group was randomly assigned to one of two treatments - ambient
control and detritus-enriched. The average pitcher length, measured from the base
of the pitcher along the back of the keel to the top of the hood, was 12.4 ± 2.3 cm.
Pitcher volume was not measured during the experiment. The final average volume
of fluid in the pitchers was 9.6 ± 5.8 mL.
After the first rain, initial samples of 1.5 ml pitcher fluid were drawn from all
pitchers and replaced with 1.5 ml of deionized water. In the detrital enrichment
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treatment, each pitcher received 1 mg of detritus per day between 7:00 am and 9:00
am. Detritus was composed of dried, finely ground wasps (Dolichovespula maculata),
which have elemental ratios (C:N, 5.99:1, N:P:K, 10.7:1.75:1.01) similar to those of
Sarracenia’s natural ant prey (C:N, 5.9:1; N:P:K, 12.1:1.52:0.93) (Farnsworth Ellison,
2008). Wasps were ground in a coffee grinder, dried for 48-72 hours in an oven at 70
C, weighed, and stored in a -20 C freezer until used.

A.1.2

Sampling

Initial 1.5ml samples and the entire final contents of each pitcher were drawn independently through the frit of separate Bio-Rad (Hercules, California, USA) Poly-Prep
chromatography columns to remove any organisms larger than 30 microns. For each
sample, the filtrate was centrifuged in 2ml aliquots at 13,000 x g to concentrate the
microbial assemblage and the supernatant was removed. The resulting microbial pellet was stored at -80 C. All frozen samples were transported on dry ice from Harvard
Forest to the University of Vermont (June 29, 2011), where they were stored at -80
C until processed.

A.1.3

Metagenome Extraction and Sequencing

We used the DNeasy Blood and Tissue kit (Quiagen) to extract DNA from the microbial pellets of three pitchers using the Purification of Total DNA from Animal
Tissues Spin-Column Protocol (pages 28-30 of the handbook dated 07/2006). Samples were pre-treated with proteinase K (as described on page 45 of the booklet). For
each pitcher, one pellet was also pre-treated with lysozyme during the extraction.
Five percent of genomic DNA preparation was loaded on a 1% agarose gel (Supple110

mentary Fig. S2a). Samples from all six preparations were pooled and the DNA was
precipitated with 0.1 volume 3M sodium acetate and two volumes of absolute ethanol.
The pooled samples were then centrifuged and the precipitated DNA was washed with
75% ethanol and then resuspended in water. More than 10 µg of total DNA was sent
for library construction, sequencing and assembly to Genome Quebéc (Montréal, QC,
Canada) using the 454 GS-FLX Titanium Sequencing System (Roche).

A.1.4

Protein Extraction, SDS-Page, and Mass Spectrometry

Microbial pellets were resuspended in 100 µl of bromophenol blue sample buffer
(150mM Tris pH 6.8, 2% SDS, 5% β-mercaptoethanol, 7.8% glycerol) and boiled
at 95 C for five minutes. All samples were diluted proportional to their pellet size to
obtain similar staining levels. After centrifugation, samples were loaded into separate
lanes of a 10% polyacrylamide (37.5:1 acrylamide:bis-acrylamide) gel and subjected
to SDS-PAGE and Coomassie staining (Fig. 1, Supplementary Fig. S1a, and Supplementary Fig. S1b).
All six of the enriched pitchers and five of the six control pitchers had visible
protein staining levels and were chosen for mass spectrometry. These 11 sample
lanes were each divided into five regions (Fig.A1b) and each region was diced into 1
mm3 pieces. Gel cubes were rinsed with HPLC-grade water, incubated at 37◦ C for 30
minutes in 1 ml of destain solution (50mM ammonium bicarbonate, 50% acetonitrile),
and dehydrated in 100% acetonitrile for 10 minutes in order to remove the Coomassie
stain. This destain procedure was repeated a second time to ensure complete removal
of the stain.
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An in-gel tryptic digest was performed by submerging the dehydrated gel pieces in
ice-cold sequencing-grade modified trypsin (6 ng/µl) (Promega, Fitchburg, WI, USA)
for 15 minutes, adding ice-cold 50 mM ammonium bicarbonate solution, letting the gel
pieces swell on ice, and then incubating the pieces overnight at 37◦ C. Digests were
centrifuged at 13,000 x g for five minutes and the peptide-containing supernatant
transferred to a .6 ml tube. Peptides were further extracted from the gel pieces by
adding 100 µl of 50% acetonitrile and 2.5% formic acid, centrifuging for 15 minutes at
13,000 x g, and dehydrating in 100% acetonitrile. All extracted peptides were pooled,
dried in a SpeedVac for 1 hour, and stored at −80◦ C.

A.1.5

Custom Metagenomic and Protein Databases

We generated a custom protein database from a six-frame forward and reverse translation of a metagenomic database constructed from microbial communities of three
previously collected pitchers that had captured diverse amounts of prey (Supplementary Fig. S2). Pitchers were collected from Molly Bog, an ombrotrophic bog located
in Morristown, VT (44.50 -72.64) on August 18, 2008 and transported in a cooler
directly from the field to the University of Vermont. Microbial pellets were obtained
immediately as described above.
We used the DNeasy Blood and Tissue kit (Quiagen) to extract DNA from the
microbial pellets of three pitchers using the Purification of Total DNA from Animal
Tissues Spin-Column Protocol (pages 28-30 of the handbook dated 07/2006). Samples were pre-treated with proteinase K (as described on page 45 of the booklet). For
each pitcher, one pellet was also pre-treated with lysozyme during the extraction. Five
percent of genomic DNA preparation was loaded on a 1% agarose gel (Supplementary
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Fig. S2a). Samples from all six preparations were pooled and the DNA was precipitated with 0.1 volume 3M sodium acetate and two volumes of absolute ethanol. The
pooled samples were then centrifuged and the precipitated DNA was washed with
75% ethanol and then resuspended in water. More than 10 µg of total DNA was
sent for library construction, sequencing and assembly to Genome Quebéc (Montréal,
QC, Canada) using the 454 GS-FLX Titanium Sequencing System (Roche). From
243 Mb of sequence information, roughly 54% of 567,549 filtered reads (median read
length =482 bp) were assembled into 26,713 contigs of length greater than 500 bp
(Supplementary Fig. S2b, Supplementary Fig. S2c).
A custom metaproteomic database was created from the metagenome database
using open-source Ruby programming software. Each contig was translated to an
amino acid sequence in all six reading frames. Of the resulting amino acid sequences,
only sequences with greater than 100 amino acids in length were retained. Those
184,128 sequences were written to new .fasta files and retained their original description line. If multiple amino acid sequences came from a single contig, the resulting
description lines included unique letter identifiers. As such, all amino acid sequences
could be mapped back to a single nucleotide sequence greater than 300bp in length.
To create a decoy database, all retained protein sequences were reversed and then
concatenated to the forward database. The decoy database allowed for an estimate of
the false identification rate during the database search process as has been described
(Elias Gygi, 2007).
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A.1.6

SEQUEST Search Parameters

The following search parameters were used during the SEQUEST search: peptides
were required to be tryptic; peptide precursor mass tolerance was set at plus or
minus 2 Da; and differential oxidation of methionine (15.9949 Da) and differential
acrylamidation of cysteine (71.0371 Da) were permitted.

A.1.7

Randomization Test of Shared Proteins

A pool of identified proteins was generated by combining the total protein hits from
the top 220 protein hits in both treatments. We chose to analyze only the top 220
proteins in each group because the identification status of proteins that are more rare
is less certain and because including many rare proteins in the test was likely to add
noise caused by the sampling of rare elements. With enough noise added from rarity,
there is a danger that the real signal of differences among the common proteins will
be swamped by this noise. Two hundred twenty protein hits were randomly drawn
and assigned to each of the two treatments, without replacement. Each protein hit in
the original pool was weighted by sum of the total number of peptides associated with
that protein hit in the two treatments. For each simulation (N=1000), the number of
shared protein hits between treatments was calculated, yielding a probability distribution of the expected number of shared protein hits. The observed shared number
of protein hits was calculated by finding the intersection of the list of top 220 control
protein hits and the top 220 enriched protein hits. Whether protein hits were drawn
with or without replacement, the number of shared proteins was less than expected
by chance supporting the alternative hypothesis that the protein pools from the two
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treatments are distinct from one another (Fig 2b).
We conducted an additional simulation experiment (programmed in R) to test for
the possibility of a Type I error (incorrectly rejecting a true null hypothesis) in our
randomization test to determine the expected number of shared proteins between enriched and control pitchers. We first simulated a single source protein pool consisting
of 10,000 distinct protein types. Next, we created two sets to represent control and
treatment groups. For each group, we sampled with replacement from the protein
source pool until we had accumulated enough proteins so that there were exactly 200
proteins represented in each group (typically this necessitated sampling somewhere
between 200 and 210 individual proteins because there were occasional duplicates
observed). As you would expect, there are usually no proteins shared or only a small
number between these two samples.
Next, we followed the procedure that we described in our randomization test.
Namely, we reshuffled these proteins between the two groups, and calculated the
number of shared proteins between them. We used 100 replicates per simulated set
of proteins and repeated this procedure for 100 trials (preliminary runs showed that
the results were just as precise using only 100 replicates instead of the full 1000
employed in the analysis of the real data). If our algorithm is behaving properly, less
than 5% of such trial simulations should yield a statistically significant result. We
conducted two variants of this test. In the first variant, each of the 10,000 proteins
were equally abundant. In the second variant, the protein abundances followed an
exponential distribution, in which there are a few relatively abundant proteins and a
large number of relatively rare proteins. We simulated this distribution by drawing
elements from a beta distribution with parameters shape1 = 0.5, shape2 = 1.0.
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Of the 100 trials with equally abundant proteins, there was only 1 simulation in
which the null hypothesis was rejected. Of the 100 trials with an exponential distribution of protein abundances, none of the trial data sets rejected the null hypothesis.
We conclude from this exercise that the null model test that we used has good Type
I error properties, and does not lead to spurious rejection of the null hypothesis when
both treatments are sampled from a single protein pool.

A.1.8

Taxonomic Analysis

To determine the taxonomic composition of the microbes contributing to identified
proteins in our treatments, we conducted a BLAST homology search of the metagenomic sequence data for protein hits. All peptides from the top 220 identified proteins
in each treatment were mapped back to their contigs of origin to obtain nucleotide
sequences. Each nucleotide sequence was repeated by the number of associated peptides and searched via BLAST (NCBI), allowing us to obtain a weighted hit table
for each treatment. The GI number from the top blast hit was extracted from the
hit table for each query sequence for each treatment. The resulting GI numbers were
then searched against the NCBI Nucleotide Database via a script that returned organism subfield values (i.e. species name), yielding a list of species names for each
treatment, associated with the top blast hit.
Hurlbert’s Probability of an Interspecific Encounter (PIE) was calculated for the
metagenome and for each treatment using the following equation:
N
P IE =
N −1
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where N is the total number of sequences mapped to a class (or peptides identified in a
treatment), pi is the proportion of sequences (or peptides in a treatment) represented
by class i, and s is the total number of classes identified.

A.1.9

O2 Requirements

We mapped each bacterial species identified in our BLAST search to its O2 requirement using data from the Integrated Microbial Genomes database (IMG) (Reddy
et al., 2015; Timinskas et al., 2014). The IMG database contains 6 classes of O2
requirements: aerobe, anaerobe, facultative, microaerophillic, obligate aerobe, and
obligate anaerobe. The latter three categories make up less than 7% of the database.
We merged any species classified as obligate aerobes or obligate anaerobes into the
aerobe and anaerobe classes, respectively.

A.2

Supplemental Tables and Figures
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Table A.1: Results of a chi-square analysis of pathways represented by proteins in control
and enriched pitchers. Bolded values represent those in which the adjusted p-value is
<0.05. Columns with peptide counts refer to the total number of peptides associated with
a pathway.
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Table A.2: Species, oxygen requirements, and bacterial classes identified in control and
enriched pitchers in a BLAST search of nucleotide sequences associated with the top 220
proteins in each treatment, weighted by total peptides. NA values represent species that
were non-bacterial.
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(a)"

(b)"
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b"
c"
d"
e"

Figure A.1: Microbial proteins in control (C) and enriched (E) pitchers. (a) Three replicate
pitchers of each treatment were initially processed in November 2012. (b) The remaining
replicates were processed in May 2013. Lanes 4, 5, and 7 represent enriched pitchers. Lanes
9, 11, and 13 represent control pitchers. The replicate in lane 13 was omitted from the
study due to a lack of protein. Letters a-e represent the regions that each lane was cut into
for MS/MS analysis.
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Figure A.2: Details of the metagenomic data. (a) Agarose gel electrophoresis of metagenomic DNA from three pitcher plant microbial communities. One pellet from each pitcher
was treated with lysozyme. All samples were pooled prior to sequencing. (b) Frequency distribution of the read lengths in the sequenced metagenomic data. The median read length
was 482 bp. (c) Frequency distribution of assembled contig lengths in the metagenomic
database. All contigs were 500 bp or greater in length.
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Figure A.3: Taxonomic assignments of metagenome, as visualized by Krona. The rings,
from the center outward represent Kingdom (Bacteria), Phylum, Class, Order.
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Figure A.4: Functional potential of the metagenome. Rank abundance of the proportion of
mapped contigs assigned to a) level 2 KEGG pathways and b) level 3 KEGG pathways.
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Figure A.5: Taxonomic assignments of bacterial proteins, as visualized by Krona, differed
between control (a) and enriched (b) pitchers. Sunburst diagrams were constructed using
nucleotide sequences from the metagenomic data associated with identified proteins in the
custom protein database. Nucleotide sequences were weighted by the total number of peptides associated with each sequence. Replicates were pooled for each treatment. Figures
feature only matches to bacteria. The rings, from the center outward represent Kingdom
(Bacteria), Phylum, Class, Order, Family.
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(a)

(b)

Figure A.6: Taxonomic assignments of bacterial proteins, as visualized by Unipept, differed
between (a) control and (b) enriched pitchers. The rings, from the center outward represent
Kingdom (dark blue = Bacteria), Phylum (white = Proteobacteria), Class (red = Alphaproteobacteria, light blue = Betaproteobacteria), Order (dark blue = Burkholderiales, rose =
Neisseriales, light blue = Sphingomonadales).
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Figure A.7: Pathway representation of the proportion of total peptides associated with
KEGG pathways differed between control (blue) and enriched (brown) pitchers.
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Figure A.8: KEGG pathway assignments differed between control and enriched pitchers.
(a) Heat map of the proportional representation of pathways between control pitchers (C)
and enriched pitchers (E) and individual control (H4, H6, E3, C4) and enriched (H1, H2,
H3, 2C, 5B, 5A) replicates. Significantly different pathways between pooled control and
enriched samples are indicated with "*".
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Figure B.1: Pitchers enriched with a BSA cocktail experienced decline and recovery of DO
similar to pitchers enriched with ground and autoclaved wasps used in previous experiments.
Lines represent a loess fit (span = 0.75) to mean DO time series for pitchers enriched with
0.5 mg/ml/day ground wasp (black), or 0.1 (blue), 0.5 (green), or 1.0 (brown) mg/ml/day
of BSA cocktail over a 10 days during a greenhouse enrichment pilot experiment.
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Figure B.2: Bovine serum albumin (BSA) does not degrade significantly over the course of
30 days in the absence of microbes. Brown and blue lines represent time series of average
BSA concentration for replicates with initial BSA concentrations of 20 mg/mL BSA or 2
mg/mL BSA, respectively.
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Figure B.3: Local regression (loess) curves (span = 0.75) fitted to mean state-space plots in
low, intermediate, and high BSA addition treatments with 95% confidence intervals. The x
axis scale is fixed. Red and black points, lines, and shading denote data from the enrichment
and recovery phases, respectively.
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Figure B.4: Time series of DO in replicate pitchers reveals that DO returned to initial
concentrations at the end of 35 days in all low enrichment rate replicates, most intermediate enrichment rate replicates, and half of the high enrichment rate replicates. The gray
horizontal dashed lines represent the average initial oxygen concentration on day 0. Blue,
green, and brown points represent DO time series for low, medium, and high enrichment
rate replicates, respectively.
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Figure B.5: A portion of bovine serum albumin (BSA) remained unprocessed for days to
weeks after cessation of enrichment. Time series of average BSA concentration (mg/mL)
in low (blue), intermediate (green), and high (brown) enrichment treatments. The vertical
dashed line represents the cessation of enrichment on day 4.
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Figure B.6: Local regression (loess) curves (span = 0.75) fitted to state-space plots for all
replicates in low, intermediate and, high bovine serum albumin (BSA) enrichment treatments with 95% confidence intervals. Blue, green, and brown points, lines, and shading
denote data from low, intermediate,and high enrichment phases, respectively. Black points,
lines, and shading denote data from the recovery phase in each replicate.
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Figure B.7: Local regression (loess) curves (span = 0.75) fitted to state-space plots for
pooled replicates in low, intermediate and, high bovine serum albumin (BSA) enrichment
treatments with 95% confidence intervals. Blue, green, and brown points, lines, and shading
denote data from low, intermediate,and high enrichment phases, respectively. Black points,
lines, and shading denote data from the recovery phase in each replicate.
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Supplementary Data Figure C.1: Ordination of Bray-Curtis dissimilarities of total peptides
shows clustering of pitcher microbial communities for proteins, microbial classes, microbial
species, and Kyoto Encyclopedia of Genes and Genomes(KEGG) pathways.
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